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1 Introduction
Considerableeffort is being expended by transit agencies to implement advanced communications

and transportationtechnol ogies capableof improving transit service reliability. Improvementsin
transit servicereliability will produce benefitsfor both passengers and operators. Improved
schedule adherence at bus stopswill reduce the variability of busarrival timesand lower average
passenger wait times. A decreasein arrival time variability will allow schedulers to remove
excess running time built into schedules. Thiswill free up resourcesfor use elsewhere or negate
the need for additional buses. Improved headway regularity will reduce bus bunching, lower
average passenger wait times, and ensurethat vehicle capacity is utilized efficiently. The

primary issueis that there are monetary costs associated with unreliable service.

Unreliableserviceiscaused by a number of factorsthat can be classified as either endogenousor
exogenousto thetransit system (Woodhull, 1987). Endogenousfactorsinclude passenger
demand variation, route configuration, stop spacing, schedule accuracy, and driver behavior.
Exogenousfactorsinclude traffic congestion and accidents, traffic signalization, on-street parking,
and weather conditions. Recurring problems such as traffic congestion can be dedlt with via
scheduling. Nonrecumng problems such as vehicle breakdownsand traffic accidentsadd an
additional level of complexity to the management of the system in real-time. Strategiesto
improvetransit servicereliability are typically classified as either short or long term strategies
(Abkowitz, 1978; Turnquist 1978; Woodhull, 1987). Short term strategiesinvolve returning
serviceto schedul e through operations control and includesuch actionsas vehicle holding, short
turning, |eap frogging, and bringing additional vehiclesinto service. Long term strategiesinvolve

structural changes and include schedule modification, route reconfiguration,and driver training

programs.

Trangt patronage models provide a basisfor transit plannersto analyze the impacts of proposed
service changesto assist in budget preparation and other resource allocationdecisions. Service

reliability isimportant to service planning in that it isrelated to the level of transit subsidy.



Transit systemswith poor service quality require additional fiscal resources because of higher
operatingand capital costs. The amount of subsidy influences the budget which ultimately
determines level of service (Tisato, 1998). Another justification for why transit servicereliability
isimportant to service planning isthat unreliable service directly impacts passenger wait times.
Bowman and Tumquist (1981) found that wait time at stops is much more sensitiveto schedule
reliability than service frequency. Increased wait times result in increased travel costs, which
ultimately influence mode choice decisions. Routes characterized by unreliable service will likely
suffer patronage declinesover time. Transit servicereliability isan important measureof service

quaity and directly affects both passenger demand and level of service.

Tri-Met, the transit provider for the Portland, Oregon metropolitan region, implemented an
automated Bus Dispatch System (BDS) inthefall of 1996. BDS is based upon the integrationof
several technologiesincluding: 1) an automatic vehiclelocation (AVL) system that usesglobal
positioning system (GPS) technology to track busesin space and time; 2) a computer-aided
dispatch (CAD) and control center; 3) atwo-way radio system allowing voiceand data
communi cation between operatorsand dispatchers; and 4) automatic passenger counter (APC)
technology. BDS collectsdatarelated to bus operations over the course of each day. Eachtimea
stop or an event occurs, a datarecord describing bus location, passenger activity, or
communication is stored on a removable datacard connected to a computer |ocated on each bus.
At the end of each day, the dataaretransferredto a central computer wherethey are schedule
matched and validated for accuracy. The dataare ultimately storedin a relational database and

used for a number of different purposesincluding performance monitoring, scheduling, and

serviceplanning.

This paper providesaframework for analyzingtransit service reliability and estimating passenger
demand at the time point-level of analysis. It beginswith aliterature review of passenger demand
modeling and transit servicereliability analysis, and shows how advancesin transportation

technologiesare producing vast amounts of datathat encouragethe use of new modeling



techniques. Differences between route-level and time point-level demand modeling are discussed.
Lastly, the results of the passenger demand and transit servicerdliability modelsestimated from

Tri-Met BDS data are presented.

2. Transit Service Réliability

Trangit servicereliability isamultidimensiona phenomenonin that thereis no single measure
that can adequately addressservicequality. Departure delay (actual departuretime minus
scheduled departuretime) effectively measuresschedul eadherencefor agiven busat a particular
location. Schedule adherenceisan important reliability measurefor infrequent users, timed
transfers, and long headway service. Traditionally, transit agencies have used on-time
performance (OTP) asa measure of scheduleadherence. The mgjority of transit agenciesdefine
"on-time" asa bus arrival (departure) of no more than 1 minute early and 5 minutes | ate (Bates,
1986). OTPisadiscrete measure that is particularly useful for evaluating system reliability from
the perspectiveof the transit agency. OTP istypicaly expressed at the percentageof busesthat
depart a given location within a predetermined amount of time. The on-time window represents
an acceptablerangeof delay tolerancethat takesinto account the fact that buses operatein a
stochastic environment. In contrast, departuredelay isa much better measureof performance
from the perspectiveof the passenger. Thisis because passengersexperiencedelay as

continuous phenomena.

Headway delay (actual headway minus scheduled headway) effectively measuresthe relative
spacing between buses. A negative valuefor headway delay meansthat a busisfalling behind its
leader with a positive value meaning that a busisgaining. Extremevariationin headway delay is

associated with bus bunching.

Running timeis also an important measure of transit performance. Runningtime representsthe
elapsed timeit takesa bus to traversefrom one locationto another. Running timedelay (actual

running time minus scheduled running time) measures how well abusis moving aong each link.



A positive value of running time delay means that a busishaving difficulty traversingthelink.
Running timeisan important measure of performanceto operators becauseit servesas a key
scheduling input and providesa way to monitor scheduleaccuracy. Runningtimes are important

to passengersto the extent that they affectin-vehicletravel time.

Attemptsto improve service quality from the perspectiveof passengersshould focus on
reducing the variability of bus performanceover time. If abusisconsistently 2 minutes late,
passengerssimply learn to time their arrival with that of the bus. If a bus departs5 minuteslate
oneday and 1 minute early the next, passengersareforced to arrive at stops much earlier in order
to compensate for highly variable departuretimes. Transit agenciesaretypically interested in
measuring bus performance over longer periodsof time. For example, several monthsor ayear's
worth of operations data are typically summarized in route performancereports. Bus
performance should be measured at intermediate |ocationsa ong the route rather than at the route
terminus because relatively few passengers are affected there (Woodhull, 1987; Henderson,
Adkins, & Kwong, 1990; Nakanishi, 1997). For operatorsconcerned with minimizing the
negative effectsof unreliable service, attention should be focused on improving service quality at

locationswhere the greatest number of passengersare affected.

It isimportant to make a distinction between low and high frequency service when discussing
transit servicereliability. Highfrequency serviceisdefined as bus servicethat operatesat
headways of 10 minutesor less (Oliver, 1971; Abkowitz & Engelstein, 19864; Abkowitz, Eiger,
& Engelstein, 1986; Abkowitz & Tozzi, 1987). For routescharacterized by infrequent service,
schedule adherence isthe most important reliability measure. Passengersattempt to timetheir
arrivalswith that of the bus based upon a given probability of missing the departure (Turnquist,
1978; Bowman and Tumquist, 1981). Inthesecircumstances averagewait timesare lessthan
one-half of the scheduled headway. Alternatively, for routesthat operate at high frequencies,
headway variability isthe most important reliability indicator. The aggregate wait time of

passengersis minimized when buses are evenly spaced. Because passengersdo not find it



advantageous to time their arrivals with that of the schedule, an assumption of random passenger

arrivals is valid

3. LiteratureReview

Both transit service reliability and passenger demand vary over time, space, and by route
typology (Abkowitz & Engelstein, 1983; Abkowitz & Engelstein, 1984; Stopher, 1992;
Strathman & Hopper, 1993; Peng, 1994; Hartgen & Homer, 1997). The most important
directional effect in demand occurs on radial routes during peak time periods. Passenger demand
is greater in the inbound direction during the morning peak and lighter in the outbound direction.
For the afternoon peak, demand is greater in the outbound direction. Transit service reliability
also has a directional component, with performance generally declining to its lowest levels during
the afternoon peak in the outbound direction. Route typology is important in that each route
type serves a different function within the urban area. Radial routes are associated with high
frequency service to and from downtown. They connect urban and suburban locations to the
central business district (CBD). Radial routes may either be through routes or terminate in

downtown. Cross-town routes serve trips between urban neighborhoods. A directional bias in

demand does not usually exist for cross-town routes.

Surprisingly few econometric models have been developed analyzing the determinantsof bus
transit service reliability. The only econometric study known to explicitly address schedule
adherence was a multinomial logit model developed by Strathman and Hopper (1993) that
analyzed factors affecting the OTP of buses in Portland, Oregon. A discrete measure of OTP
was used that defined "on-time™ as a bus departing a time point no more than 1 minute early or 5
minutes later than scheduled. The model analyzed the relative probabilities of on-timelearly, on-
time/late, and earlyllate bus departures. Variables included the number of boardings and
alightings, the number of stops since the previoustime point, the position of the time point in

the sequence of time points, distance since previous time point, scheduled headway, and dummy



variables consisting of weekday service, peak period service, part time driver, and new sign up
period. The study found that the probability of a bus arriving on-time was adversely affected by
the number of alighting passengers, scheduled headway, the time point in sequence of time

points, part time driver, and new sign up period.

A number of investigators have noted that route characteristicsare important determinants of
transit service reliability (Tumquist, 1978; Woodhull, 1987; Abkowitz & Engelstein, 1984;
Strathman & Hopper, 1993). The most common measures of route characteristics are scheduled
distance and the number of scheduled stops. Bus performance tends to deteriorate with an

increase in either one of these variables. At the route-segment level, cumulative measures from

the route origin or from the previous time point may be used.

Several researchers have noted that driver experience and behavior are important factors affecting
transit service reliability (Abkowitz, 1978; Woodhull, 1987; Levinson, 1991; Strathman &
Hopper, 1993). Driver behaviors that may adversely affect bus performance include not
departing from the terminal on time, making unscheduled stops, or spending excess dwell time at
stops. Driver can positively influence bus performance by modifying bus speed and stopping
activity in response to schedule adherence and bus spacing problems. No transit service
reliability studies are known to exist that control for the effects of driver behavior on bus
performance. An important aspect of the research by Strathman and Hopper is that they
attempted to control for the effects of driver experience on bus performance. A dummy variable
representing the first two weeks of a new sign up period was used to control for adjustmentsin
behavior following changes in route assignments. A dummy variable representing part-time
driver was also included because part-time drivers may either lack experience in general or be

unfamiliar with a particular route.

Two empirical studies by Abkowitz and Engelstein examined factors affecting vehicle running

times on two radial bus routes in Cincinnati, Ohio using ordinary least squares regression



techniques. Each routewasdivided into aseriesof 1-3 milelinks. Thefirst study sought to
explain mean running time. The results showed that mean running time on individual linkswas
affected by link distance, the number of boardings and aightings, the number of signalized
intersections, the percentageof the link where peak period parking was allowed, and time period
(Abkowitz & Engelstein, 1983; Abkowitz & Engelstein, 1984). Route-segment length was found
to be the most important variable affecting mean running time followed by the number of
signalized intersections and the number of boardingsand alightings. The use of the two traffic-
related variablesis notable. Relatively few econometric studies have attempted to control for the
effectsof traffic conditionson bus performance, yet it iscommonly believed to have an adverse
effect on servicerdiability (Welding, 1957; Sterman & Schofer, 1976; Turnquist, 1982). Norma
traffic conditions, including congestion, signalization, and the amount of time taken to merge back
into traffic can be controlledfor viascheduling. The most important traffic-relatedfactor
affecting bus performanceisnon-recurring traffic congestion. Schedulesare designed to take into
account asmall degree of running time variation, yet it is not cost-effective for transit agenciesto

account for excesslevelsof congestion.

Passenger activity iswidely believedto be a cause of unreliableservice (Woodhull, 1987,
Abkowitz & Engelstein, 1983; Abkowitz & Engelstein, 1984; Strathman & Hopper, 1993).
Accordingto Woodhull (1987), the effect of load variationon bus performanceislargely a
function of where the peak passenger load pointislocated. For inbound radia routesin thea.m.
peak time period, the maximum load point is often located just outsidethe central business
district (CBD). Busperformanceisadversely affected by demand variation only over thelast
portion of the route. One would thereforeexpect delay variationto be lesson radial peak
inbound routes compared to radia peak outbound routes. For outbound radial routesduring the
afternoon peak time period, the maximum load point is often the CBD. Theimpact of demand
variationon servicereliability isimportant at downtown locations during the afternoon pesk

because headway delay variation at early points aong a route will tend to propagate until bus

bunching occurs.



The second running time model by Abkowitz and Engelsteinaddressed cumulative running time
deviation. Cumulative runningtime deviation at the previous|ocation was used to control for
existinglevels of unreliability. Routesegment length and running time deviation at the previous
location were shown to have adverseeffectson cumulative running time deviation (Abkowitz &
Engelstein, 1983). The authorsalso undertook an analysisof headway variation. Using data
derived from a Monte Carlo simulation, the authors modeled the effectsof running time variation
and scheduled headway on headway variation. The study found that headway variation increases
sharply near the beginning of aroute, then reaches an upper bound (Abkowitz & Engelstein,
1984). According to the authors, the length of time taken to reach the upper bound is dependent
upon the size of the scheduled headway and the amount of running time variation. Thisfinding
highlightsthe importance of controlling for the amount of scheduled servicein analysisof transit

service reliability because of itsrelationshipto the amount of delay variation.

Random events such as such as traffic accidents and weather can adversely affect bus
performance (Woodhull, 1987). The effectsof weather are indirect in that they influence bus
performancethrough traffic-related problems. Random events most likely to affect bus
performanceincludethoserelated to emergencies, mechanical failure, passenger behavior, traffic
incidents, and driver-related problems. No transit servicereliability studiesare known to exist

that have taken any of these sourcesof delay into account.

With the exception of the OTP model by Strathman and Hopper and the mean running time
model by Abkowitz and Engelstein, the majority of trangit service reliability modelsrely on
rather ssimplisticmodel specifications. The reasonfor such a paucity of well-designed
econometric modelsis primarily due to data limitations. Traditionally, manual datacollection
efforts proved to be costly, time consuming, and of limited duration. Advanced transportation
and communicationstechnologies, such asthe Tri-Met BDS, now generategeographically

detailed operations data on a continuousbasis. This advance presents new opportunitiesfor



analyzing transit service reliability in a more detailed and comprehensive manner than previoudly

possible.

The general focus of previous passenger demand studies has been to model boardingsasa
functionof level of serviceand anumber of socioeconomicand demographic characteristics. With
oneexception, all models have been devel oped at theroute-level. Similar to the early transit
service reliability studies, many of the passenger demand studiessuffer from datalimitations.
The passenger demand models devel oped by Peng (1994) represent the most advanced modeling
effortsto date. Peng estimated a series of route-segmentlevel modelsstratified by time of day
and direction for bus routesin Portland, Oregon. Passenger demand was estimated as afunction
of transit service supply, population, downstream population, employment density, alightings
from complimentary routes, ridership on competing routes, park-and-ridecapacity, fare zone,
and route typology. Service supply was estimated as a function of current ridership, previous
year's ridership, population, employment density, and route typology. A third equation was
included to control for the effectsof competing routeson ridership. Competition between
routes occurs where two or more routesthat service the same destination have overlapping
serviceareas. The results show that service supply, population/employment, income, and park
and ride capacity are significant determinantsof busridership. Routetypology, fare zone, and
inter-route effects were found to vary in importance between models. In the supply equation,
current ridership, previousyear's ridership, and population/employment were found to be
important. The dummy variablesfor routetypology also varied in significance between models.
The most notable aspectsof Peng's research were the development of route-segment level models
and the use of simultaneousequationsestimation to control feedback between supply, demand,

and route competition.

Kemp (1981) a so estimated a simultaneous equationsmodel using pooled time series/cross-
sectional data. Five structural equationswere used, including two for demand (transferring and

non-transferring passengers), two for supply (average headway and seat miles operated) and one



for bus performance(average bus speed). The demand equation for non-transferring passengers
estimated passenger trips asafunction of fare price, a proxy variablefor auto travel costs, bus
Speed, wait time, hoursof service, route length, stop spacing, number of school days, and other
factors. The resultsshowed that demand is negatively associated with fare price, stop spacing,
route length, and various route dummies. Demand was found to be positively associated with
service duration, the proxy variablefor auto costs, number of school days, timetrend, and
variousroutedummies. Neither average bus speed nor average wait time wasfound to be
significant in the demand equation. The study by Kemp isimportant in that it is the only known

trangit patronage model to incorporateaspects of service quality into the demand equation.

Most passenger demand modelsinclude measuresrelated to service quantity (Kyteet a, 1988;
Stopher, 1992; Peng, 1994; Hartgen & Homer, 1997). Thisis because passenger demand is
related to the amount of transit service provided. Thisisparticularly true at the route level of
analysiswere demandisdirectly related to the number of bustrips. At the route-segment level
of analysis, thisrelationshipis not nearly as pronounced. Allan and DiCesare (1978) argue that
service quantity is characterized by the extent and breadth of service coverage, servicefregquency,
and vehicle seating capacity. Seating capacity isimportant to demand modeling to the extent that
two routeswith different seating capacitiesoperating at the same servicefrequency provide

different levels of service. Service coverageisrelated to routetypology and route characteristics.

All passenger demand modelsinclude one or more variablesrelated to market size (Kyteet al,
1988; Stopher, 1992; Peng, 1994; Hartgen & Homer, 1997). The most common measures of
market size are population and employment. Thesetwo variables are typically associated with
trandt service areas. Populationisoften included as an explanatory variablein al time periods
except for the p.m. peak where employment is used instead. For off-peak time periods, it is
common to use both population and employment sincethereislessof adirectiona biasin
demand (Peng, 1994). It isalso necessary to control for additional sourcesof patronagein

passenger demand modeling. The most common sources of additional passengersinclude



transferring passengers (Kemp, 1981; Horowitz & Metzger, 1985; Peng, 1994}, high school
students (Kemp, 1981; Peng, 1994), and park and ride users (Peng, 1994). High school
enrollment is relevant in the moming and midday time periods, although its impact on bus
performance is likely to be greater in the midday time period. Transit centers are frequently
associated with transfer points and park and ride lots. Transfersalso occur at the intersection

points of radial and cross-town routes.

A number of studies have shown that income is an important determinant of transit ridership
(Algers, Hanson, & Tegner, 1975; Peng, 1994; Hartgen & Homer, 1997). Income is important
variable in passenger demand modeling because it proxies for transit dependent riders. Peng used
a variable related to the number of households with a median household income less than
$25,000. Other studies have shown that auto ownership has an adverse effect on transit
ridership (Algers et al, 1975; Levinson & Brown-West, 1984). This is because the propensity to
use transit decreases as accessibility to automobiles increases. Besides controlling for an income
effect, most passenger demand studies have attempted to control for differencesin fare price.
Several studies have found that passenger demand is sensitive to transit fare price (Algers et al,
1975; Kemp, 1981; Kyte et al, 1988; Peng, 1994; Hartgen & Homer, 1997). Tri-Met operatesa
zonal fare structure system consisting of four fare zones. There exists little variation between a
2-zone fare ($1.05) which is the basic minimum fare and an all zone fare ($1.35). It is not likely
that there is sufficient variation in this variable for it to be meaningful in the models developed in
this study. The variable would also be subject to measurement error because many patrons uses

transit passes and other forms of discounted fares.

A number of researchers have discussed problems resulting from data availability in passenger
demand modeling (Kemp, 1981, Multisystems, Inc., 1982). Deficient data results in the
specification of overly simplistic models or forces the use of crude proxy variables in place of
more desirable measures. Several studies failed to address competition between routes, while

others did not adequately allocate socioeconomic and demographic data to transit service areas.



With the exception of the analysisby Peng, no passenger demand studies have been devel oped
below theroute-level of analysis. It isevident that there exists feedback relationships between

servicesupply, service quality, and demand and that simultaneous equationsmodels are superior

to ordinary least squaresregression.

4. Theoretical Models
Thefollowing section discussesthe theoretical issues behind the devel opment of route and time

point-level transit servicereiability and passenger demand models. The review of the existing
literaturesuggeststhefollowing general models:

Demand = f{service quantity, service quality, route characteristics, market size, income, fare price, other sources

of ridership, route typology, time period, direction)
Service quantity = f{demand, service quality, route typology, time period, direction)

Service quality = f{demand, service quantity, route characteristics, driver behavior, random events, route

typology, time period, direction)

Previousresearchers have addressed simultaneity between transit demand, supply, and route
competition (Peng, 1994) and transit demand, supply, and service quality (Kemp, 1991). Ina
smilar manner, smultaneity is expected to exist between servicereliability (ameasureof service
quality), service supply, and passenger demand. Asdelay variability increases, more bustrips
are required to serve the same number of passengers, yet as more bustrips are added, delay
variability should decrease becausethere are upper bounds to unreliabl e service depending upon
thesize of the scheduled headway. Similar logic appliesto simultaneity between transit service
reliability and passenger demand. Asdelay variability increases, demand should decrease because
of increased passenger wait times, yet a decreasein demand will reduce delay variability. A
route-level model that addresses simultaneity between demand, supply, and servicerdiability

would typically be set up like the following system of equations. Individual routesare denoted
by the subscript (i).



Boardings; = f(headway;, reliability;, x3;, x4;, ...XN;)
Headway; = f(boardings;, reliability;, x3;, x4, ...xN;)

Reliability; = f(boardings;, headwayi, x3i, X4i, ...xNi)

In the example shown above, all 3 variablesaretreated as endogenous. At the route-level, the
assumption of simultaneity between supply and demand and supply and reliability isvalid. A
problem arises when selecting an appropriate reliability measureto use in the equations. Mean
departure delay does not adequately explain passenger demand or service supply at the route-
level. For example, two minutes of mean departure delay at the route terminus does not
sufficiently explainthe number of mean boardingsattributedto the route or the size of the
scheduled headway. Mean headway delay is not a useful measure of trangit service reliability at
any level of analysisbecausethe amount of headway delay cancelsto zero if enoughtripsare
sampled. Because passengers are more concerned about variability in bus performance, rather
than mean performance, the reliability variable should capturethe amount of deviation from the
mean. Headway delay variation and departure delay variationare much better measuresof transit
servicereliability. The use of either of thesetwo variablesin simultaneousequationsestimation
posesadilemmathat is hereafter referred to as endogenous variables problem. Although
headway delay variation and departure delay variation are useful in explaining the number of
mean boardings, mean boardings doesnot adequately explain variability in performance. The
passenger activity variable that sufficiently explains variability in performanceis boarding
variation. Thisinconsistency precludesthe direct measurement of simultaneity between transit

servicerdiability and demand. The primary implicationisthat these variables must be treated as

exogenous.

A number of other problems exist with route-level demand modeling. Boardingsare assumed to
be homogeneousalong the entire route segment. Thisassumption iserroneousbecause demand is

realized at theindividual stop level. Thismakesit difficult to precisely control for the effectsof



socioeconomicand demographic characteristicson ridership. Another problem concernsthe
location wherereliability ismeasured. The most obvious place to measurerdiability isat the
route terminus, yet thisis thelocation where delay variability tends to be worst and where few
passengersare affected. Service supply isnot properly addressed in simultaneous equations
modeling. Thisis because passenger demand and supply only interact during peak periods of
operation. During off-peak time periods, service frequency isusually set according to policy and

isonly partially related to the amount of passenger activity.

Another problem that existsin simultaneous equati ons estimation occurs because of inherent
differencesin the spatial relationshipsbetween variables. Thisistrue at both the route and time
point-levelsof analysisand is hereafter referred to asthe spatial disparity problem. This
problem stemsfrom the fact that both demand and reliability are stop-level phenomena, whereas
transit service supply is set at the route or route-segment level. Asan example, mean boardings
arerelated to the size of the scheduled headway, yet the reverserelationship does not hold true.
Thisis because headways are set according to passenger loads at the critical load point (aspecific
point location), not mean boardingsassociated with atime point or route. A similar problem
concernsthe nature of the relationshipbetween transit service reliability and scheduled service.
Although mean scheduled headway helpsto explain variability in bus performance, variability in
bus performancedoes not adequately explain mean schedul ed headway because of the spatial
inconsistency mentioned above. Delay variability at each time point does not adequately explain
mean scheduled headways becauseheadways are either set by policy or by demand at the
maximum load point. For example, headway delay variation at time point 2 does not explain
mean scheduled headway at time point 5, which contains the stop where maximum load is
greatest. The spatial disparity problem precludes the use of areliability variable in the supply
equation.

Thefollowing seriesof equationsare proposed for time point-level models. Individual time

points are denoted by subscript (j) and the critical time point is denoted by subscript (z).

Mean boardings; = f(mean scheduled headway;, delay variance;, x3;, x4;, ...xNi)



Mean scheduled headway; = f(maximum load, X2, x3;, x4, ...xXNj)

Delay variance; = f(boarding variation;, mean scheduled headwayi, x3;, x4;, ...xNj)
The preceding discussion shows that there are stark differences between route-level and time
point-level modeling of passenger demand, service supply, and transit service reliability.
Because of the endogenous variables problem and the spatial disparity problem, the estimation of
separate models by ordinary least squares regression is more reasonable than simultaneous

equations estimation.

5. Databaselntegration
Database integration is critical for advanced analysis of transit operations. In order to ensure data

consistency, the various data sources must be related to a common geography (Peng & Dueker,
1994; Peng & Dueker, 1995). In this study, the common geographic unit is the time point.

Figure 5.1 shows the database integration scheme.

Figure5.1: Database | ntegration
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The integrated bus performance database requires information from five separate data sources.
The AVL/APC database contains spatial and temporal information on archived bus operations

and passenger activity. Event data are joined with operations data based upon time of occurrence



and assigned to the nearest stop. Driver information is integrated into the database according to
badge number. The integrated bus performance database contains all of the necessary variables
needed for analysis of transit service reliability. Passenger demand modeling requires additional

informationrelated to transit service areas that are obtained from a geographic information

system (GIS) database.

A GIS was used to create time point service areas using a search routine based upon a quarter
mile distance along the street network from each bus stop. Block-level socioeconomic data from
the 1997 American Community Survey were assigned to transit service areas using an improved
allocation technique that addressed double counting (overlapping service areas) with an algorithm
that accounted for accessibility to stops associated with other routes. GIS data were obtained
from Tri-Met, the City of Portland, and Metro's Regional Land Information System. The
primary GIS coverages used in the analysis represent the street network, bus stop, bus route,

park and ride, tax lot, employment location, and census block group.

In order to ensure spatial consistency, all data were assigned to time points. The data represent
three different types of spatial measurement- point, polygon, and cumulative since previous time

point. Figure 5.2. shows these different types of measurement in more detail. "TP" refersto

time pointand "TPSA" refers to time point service area.

Figure 5.2: Data Consistency
A. Bus performance data measured here (point) ff———— Direction of travel

B. Socioeconomic and land use data measured here (polygon)
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,1—————’ C. Other variables measured from previous time point (cumulative)

Bus performance is measured at the individual time point [A]. For example, mean departure

delay at a particular time point may represent 2.5 minutes. Other variablessuch as mean



passenger boardingsand the number of scheduled stopsare cumulative variables measured from
the previoustime point [B]. Socioeconomic dataare assigned to polygons representingtime

point serviceareas [C]. Thiscommon spatial structureis employed throughout the analysis.

In theory, delay variability at a particular time point is afunction of everythingthat happensto a
bussinceit left the route origin. In both the demand and the reliability models, a measure of
delay variationat the previoustime point is used to control for the effects of cumulativedistance.
Figure 5.3 shows thisnotion in more detail. In the exampleshown below, delay variability is
measured at time point 3 [A]. Controlling for delay variability at the previoustime point [B]
negates the need for cumul ative variablesmeasured from therouteorigin. All other variablesare

associated with the time point of interest [C].

Figure5.3: Model Structure
4— Dijrection of travel

A. Déelay variation measured here

r B. Delay variation at previous time point measured here
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6. Study Design
A totdl of 5 radial routes (routes4, 8, 14, 15 and 104) and 2 cross-town routes (routes 72 and 75)

were used in the analysis. The selection of routes was based upon two principal factors, 1) a
continuation of study routes analyzed in previous phases of the project, and 2) the need for
representative cross-town route typology. The sampling period covers 19 weekdaysof bus
operationsfrom October 4th-29th, 1999. The data are cross-sectional, meaning that the study is

limited to explaining the determinantsof passenger demand, service quantity, and service quality



for a given period of time. Tri-Met defines the following daily time periods: a.m. peak (7:00
a.m.-8:59 a.m.), midday (9:00 a.m.-3:59 p.m.), p.m. peak (4:00 p.m. -5:59 p.m.), evening (6:00
p.m.-1:59 a.m.), and night (2:00 a.m.-6:59 am.).

One of the main benefits of automated data collection systems such as the Tri-Met BDS is that
sufficient data are generated to allow for measures of variability over time and space. Table 6.1

shows the structure of the bus performance database in detail for two of the study routes. The

full table is included in the back of the report as Appendix 1.

Table 6.1: Bus Performance Database Structure

Route § Name Typology Dir. £ Time TPsi Tripsi Daysi Max. Obs. Tot. Obs. | % Recov.
14 § Hawthorne Radial Out ; 1 6 16 19 1824 1530 8388
2 6 31 19 3834 2867 ¢ 74.78

3 6 27 19 3040 1376 4526

4 [ 14 19 1356 1068 66.92

In 1 [ 27 19 2888 1952 67.59

2 6 30 ) is 3420 256 83,51

3 6 16 19 1824 1128 61.84

4 6 12 19 1368 1068 78.07

72 i Kilingsworth-S.E. 82nd C-town Out 1 9 17 19 2907 1593 54.80
2 9 38 19 6498 4041 62.19

3 9 23 19 3933 1872 47.60

4 9 14 19 2394 1251 52.26

In 1 9 18 19 3078 1720 55.88

2 9 39 19 6553 3918 59.77

3 9 23 19 3933 1989 50.57

4 9 14 19 2394 1359 56.77

Summary TPs Max, Obs, Tot. Obs. i % Recov.
Radial Total 260 83957 52879 62,98
Cross-town Total 152 56963 35121 61.66
Grand Total 412 140920 83000 62.45

Bus performance data were aggregated to capture variability in transit service reliability at each
time point. An individual observation has a route, direction, time point, and time of day
component (e.g., route 14, inbound, time point 3, time period 1). Maximum observations
represents the number of observations that would have existed in the database if all records were
clean. This is simply the number of time points times the number of trips times 19 days for each
observation. These values were decremented for any service pattern changes. Total observations

represents the number of clean records remaining in the database. Percent recovery shows the
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percentage of valid observations to maximum observations. Overall, 88,000 records (62.45%)
were successfully recovered from the archived bus operations data. The other records fell out
because, 1) post-processingof the data resulted in the elimination of complete trips if they could
not be successfully matched with the schedule, 2) passenger counts were missing because certain
buses were not APC equipped (typically trippers brought on-line to serve peak periods only),

and 3) headways could not be calculated because of missing reference buses.

Means and variances were calculated by summarizing data over all trips within a time period over

all days. For example, departure delay variability for route 14, inbound, time point 5, time
period 1 was calculated using the 27 trip records in the time period over 19 days. Route 14
contributes 48 time point observations (6 time points * 4 time periods * 2 directions = 48
observations) to the final data set. The final data set contains 260 radial and 152 cross-town
observations for a grand total of 412 observations. Due to a limited number of degrees of
freedom, both inbound and outbound directions of travel were included in the same models.

Table 6.2 shows the basic structure of the data set.

Table6.2: Modea Structure

Type [Routes] [Mi'eofDay  Direction "N "Demand DV.™ Reliapbility D.V.
i.Radial. [12.8:.14:.15:. 1041......;  A.M. Peak InfOut  i.. 65....; Boardings ! Headway Delay  ..i
Radial [4, 8, 14, 15, 104] Midday i KOl _ .65 Boardings Departure Delay
Radial [4, 8, 14, 15, 104] P.M. Peak InfOut i 65 i Boardings Headway Delay
Radial [4, 8. 14, 15, 104] Evening In/Out 83 Boardings Departure Delay
Cross-town [72, 75] A M. Peak In/Out 38 Boardings Headway Delay
Cross-town [72,75] i  Midday i | In/Out 38 Boardings Departure Delay
Cross-town [ 72. 75 P.M. Peak In/Qut i 38 Boardings Headway Delay
Cross-town [72,75] . . & Evening i InfOut | 38 i Boardings :  Departure Delay




7. Operational Models
Thefollowing section concernsthe operationalization of the passenger demand, service supply,

and reliability models. The literaturereview, the discussion of problemsrelated to time point-
level modeling, and the nature of the dataprovided the basisfor the structureof equationswhich

follow. Table 7.1 represents asummary of the operational models.



Table 7.1: Operational Models

DEMAND Radial Cross-town
Variables AM. ! Mid. { PM. { Eve. §| AM. | Mid. { PM, | Eve
Mean Boardings . . . . M . .
Mean Sched. I'i[eaclway Te ) . . . . . .
Departure Delay Variability @ PTP . N . .
Head-\'vay Delay Variability @ PTP . . .
Mean Sched. Stops . . . . . . . .
Population . . . . . *
Employment . . . . . »
Median HH Income . . . . . .
Transit Center [Dummy] . . . .
Complimentary Routes . . . .
Downtown [Dummy] .
High School Enrollment . .
Inbound [Dummy] . . .
___Qutbound [Dummy] .
Route 72 [Dummy] ° ¢ * .
i SUPPLY Radlial LSS
i Variables i AM. Mid. i P.M. i Eve. { A M. } Mid. i.R.M..i Eve. i
i.Mean.Seheduled Headway. - e 3 e g e
 Mean Load @ CIE b ioe i e
Pattern [Dummy] ) . i : :
RELIABILITY Radial Cross-town
Variables AM. i Mid. { PM. | Eve. { AM, i Mid. { PM. | Eve,
 Headway Delay Variability . : . .
“Departure Delay Variability . . . .
Mean Scheduled Headway . . ° . . . . .
Boarding Variability . . . . . . . .
Departure Delay Variability @ PTP . . . .
Headway Delay Variability @ PTP . . . .
Mean Scheduled Stops . . N . * . . .
Unscheduled Stop Variability . . . . . . . .
Lift Variability . . . . . . . .
Miles Per Hour Variability . . . ® . . . .
Part-Time Driver Variability . . . . . . . .
Cumulative Events Variability . . . . . . . .
Variables AM, i Mid. i PM. | Eve. i AM, { Mid. { P.M. ; Eve.
Inbound [Dummy] . . .
Qutbound [Dummy] .
Route 72 [Dummy] . . . .




The dependent variable in the demand equationsis mean boardingssince previoustime point.
Thisisacumulative measure that assigns boardingsfrom each stop in the time point service area
to the individual time point. The variableisaveraged over al tripsin thetimeperiod. Thetransit
servicerdiability variable is headway delay variation in the morning and afternoon modelsand
departuredelay variation in the midday and evening models. Thisis consistentwith existing
theory regarding the relationship between service frequency and passenger wait times. A
measure of delay variation since the previoustime point is used to control for the existing level of
unreliability and to test the suppositionthat delay variation influencespassenger demand. Both
delay variationand delay variation at the previoustime point variablesare expected to have
negative impacts on demand. The mean number of scheduled stopsis necessary in the demand

equation because of itsrelation to the number of boardings.

In order to control for market size, boardingsare modeled asafunction of populationinthe am.
peak time period and employment in the p.m. peak time period. Both population and
employment are used in the midday and evening time periods because thereisless of a directional
biasin demand. Median household incomeis used in al time periods, except for the p.m. peak
timeperiod. Median household incomeis omitted from the p.m. peak modelsbecauseit is
assumed to be independent of demand as personstravel home from work. Another income effect
variable, the number of zero auto households, was considered in the models but proved highly

collinear with population. Median household incomeis expected to have a negative influence on

boardings.

To control for additional sourcesof demand, atransit center dummy variableisused in theradial
modelsonly. Thisvariableisintended to proxy for the effect of transferring passengers, drop
offs, and park and ride passengers. The number of intersecting routes (complimentary routes) in
the time point buffer is used in the cross-town model s because there are few transit centersor
park and ride | ots associated with the cross-town study routes. Thisvariable controlsfor

ridershipthat may originate at non-timed transfer |ocationswhere cross-town routes intersect



radial routes. The reason that the number of complimentary routesis not used in the radial
modelsisthat downtown time points are associated with an excessive number of intersecting
routes. A dummy variablefor high school isincludedin the midday modelsto control for this
additional source of demand. All of the variablesthat represent additional sourcesof ridership

are expected to have a positive relationship to the number of mean boardings.

A downtown time point dummy variableis used in afternoon peak radia model only. The
variableis used to control for any unknown phenomenaoccurring downtown that may affect
boardings. The sign of the downtown dummy coefficient is expected to be positive. A dummy
variablefor directionisincluded in theradial modelsto control for any effectson demand dueto
direction. A dummy variablefor route 72 isincluded in the cross-town modelsto test if thereare

any significant differences between cross-town study routes.

The dependent variablefor the supply equationsis mean scheduled headway. Previousstudies
have used service supply measuresthat take into account the amount of seating capacity.
Becausethere exists little variationin seating capacity between the study routes, acomposite
service supply measurewas not considered relevant. Mean maximum load at the critical time
point is used as an explanatory variablein order to control for the effect of passenger loading on
scheduled headways. Thisvariable representsthe average maximum load for all stopswithina
time point. The variablewas further summarized by averaging over al trips within atime period.
The vauefor mean maximum load at the critical time point was then assigned to every other time
point on the route, thus becoming aroute-level variable. Thisvariableisexpected to havea

negative effect on mean scheduled headway .

A dummy variable representing service patternisincludedin the radial modelsonly becausethere
are no maor service pattern changes associated with the cross-townroutes. Thevariableis
intended to control for differencesin headways attributableto a shortlineservice pattern. This

variableis expected to have a positive effect on mean scheduled headway. Because of the spatial



disparity problem mentioned previoudly, a bus performancevariableis not practicablein the
supply equations. Other candidate variablesfor the supply models included direction and route
specific dummy variables. Directionisapplicablein the peak period modelsand would largely
pick up the effect of deadheading. This variable was not tested because there are few deadheads
associated with the study routes. Route specific dummy variableswere be useful in the radia

models, but could not be used becauseof alimited number of degreesof freedom.

The dependent variablein the reliability equationsis mean headway delay variability in the peak
period models and mean departure delay variability in the off-peak period models. Thisisin
accordance with existing theory regarding servicefrequency and passenger wait times. Mean
scheduled headway isincluded as an explanatory variable because of itsrelationshipto service
reliability. Asmentioned previously, mean scheduled headway sets an upper limit on the
amount of delay variation. The relationship between mean scheduled headway and delay
variability isexpected to be positive, with larger coefficientsin the off-peak models. Similar to
the demand equations, a reliability measure at previoustime point is used to control for existing
levelsof unreliability. Thisrelationshipis also expected to be positive. Route characteristicsare
addressed through the use of a variable representing the mean number of scheduled stops. In
theory, the greater the number of scheduled stopsthe greater the likelihood of delay variation.

Passenger activity isaddressed in the reliability equationsthrough the use of boarding variation
and lift operation variationvariables. It ishypothesized that these variableswill have an adverse
effect on the amount of delay variability. Part-timedriver variability i s used to control for the
effectsof driver experience. It isexpected that greater part-timedriver variability isrelated to
greater levels of delay variability. Another driver-related variable concerns unscheduled stop
variation. Because unscheduled stopsrepresent away for driversto kill timeif busesare running

ahead of schedule, thisvariablewill likely have apositive effect on delay variability.



A modified speed variable was created to serve as a proxy variablefor excesstraffic congestion.
The variablewas calculated by dividing scheduled distance by actua running time minusdwell
time plus a penalty of 9 seconds for each actual stop to control for acceleration/deceleration delay
and time spent merging back into traffic. This variableisexpected to have a negative effect on
bus performance. A measureof cumulative event variation was created to control for incidents
likely to contributeto delay variation. Eventswere limited to those related to passenger, driver,
mechanical, traffic, and emergencies. It isposited that event variability will adversely effect bus
performance. Similar to the passenger demand models, adummy variablefor direction isincluded
in the radial modelsto control for any differencesin delay variation attributableto direction. The
outbound directionis thereference casein al modelsexcept the afternoon peak where the
inbound directionisused. A dummy variablefor route 72 isincluded in the cross-town reliability

model sto ascertain whether this route behaves differently from route 75.

8. Results
Thefollowing section describesthe results of the regression output. Table8.1 showsa detailed

description of the variable names used in the regression models. The bus performance variables

represent averagesover al trips within atime period over 19 weekdays.



Table 8.1. Description of Variables

ONM Cumulative boardings since previous time point {actual)
HWSM Scheduled headway (seconds)

STOPSM Scheduled stops since previous time point (actual)
DDVPTP Departure delay variation at previous time point (seconds)
HDVPTP Headway delay variation at previous time point (seconds)
ONV Boarding variation (seconds)

POP Population (actual}

EMP Employment (actual)

TC Transit center (dummy)

COMPL Complimentary routes (actual)

INCHH Median household income ($ actual)

DTOWN Downtown (dummy)

SCHL High school (dummy)

R72 Route 72 {dummy)

N Inbound direction (dummy}

QuT Outbound direction {dummy)

LOADCTP Mean maximum load at critical time point (actual)

PAT Shortline pattern (dummy)

HDV Departure delay variation (seconds)

DDV Headway delay variation (seconds)

ONV Cumulative boarding variation

USTOPV Unscheduled stop variation

LIFTV Lift operation variation

EVENTV Delay event variation

PTDV Part-time driver variation

MPHV Link speed variation

Table 8.2 shows the results of the passenger demand models. The dependent variable in the
demand models is mean boardings. The results show that mean scheduled headway does not
have a significant effect on mean boardings in any of the models. This is because the relationship
between supply and demand is not as pronounced in time point-level modeling. At the route-
level, service frequency is almost always a significant determinant of ridership. This does not
hold at the time point-level because of the spatial disparity problem. For any given route during
peak periods, there will be time points with relatively good service, yet few boarding passengers.
This is because headways are set according to passengers loads that may or may not be
associated with a given time point. Because headways are set according to policy during off-peak

periods, this variable was not expected to be significant in the non-peak period models.
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In al models, headway delay variability sincethe previoustime point or departuredelay
variability since the previoustime point are statistically significant and have a negative effect on
mean passenger demand. Thisindicatesthat unreliableservice hasan adverse effect on mean
boardingsin time point-level demand modeling. The largest impact of headway delay variationat
the previous time point on passengersdemand is associated with the radial p.m. peak modd,
followed by the cross-town am. peak model. The coefficientsfor departuredelay variation at

the previous time point are highest for the radial and cross-town evening models.

In all models, headway delay variability since the previoustime point or departuredelay
variability since the previoustime point are statistically significant and have a negative effect on
mean passenger demand. Thisindicatesthat poor transit servicereliability hasan adverse effect
on mean boardingsin time point-level demand modeling. Thelargest impact of headway delay
variationat the previous time point on passengers demand is associated with the radial p.m. peak
model, followed by the cross-towna.m. peak model. The coefficients for departure delay
variation at the previous time point are highest for theradial and cross-town evening models. It
is possibleto perform sensitivity analysison the relationship between delay variability and mean
boardings. Asan example, a10% reductionin headway delay variation at the previoustime
point onradia routesinthe a.m. peak leadsto aincreasein 0.17 passengersper trip per time
point. Thiswas calculated by taking 10% of the mean headway delay variation at the previous
time point and multiplyingit by the size of the coefficient [4953.6 * .0.00003349 =0.17

boardings].

The number of mean scheduled stopsis an important determinant of passenger demand in the

radia morning, midday, and evening models.



Table 8.2. Regression Results: Demand Models

Radial Cross-town
DEMAND
Moming Midday Afternoon Evening Morming Midday Afternoon Evening
Peak Peak Peak Peak
ONM DV Dv Dv DV DV DV DV DV
-0.4924E-03 ; -0.1725E-02 : (.3508E-02 i -0.2091E-02 0.9607-02 -0.6474E-02 | -0.1453E-01 ; -0.2707E-01
HWSM {0.2268) (-1.194) {1.561) (-1.384) (0.6086) (-0.1316) (-1.448) (-1.070}
03228 0.2974 0.2256 0.3964 0.3669 0.3027 0.2530 0.2289
STOPSM {2.260) (1.985) {1.554) (2.393) (1.432) (0.8736) (1.439) (1.261)
x4 L 1] LL ]
-0.1103E-03 -0.1567E-03 -0.1258E-03 -0.1357E-03
DDVPTP (-3.853) (-4.650) (-2.025) (-3.702)
- - [T e
-0.3349E-04 -0.1255E-03 -0.1111E-03 -0.6940E-04
HDVPTP (-2.965) (-5.548) (-3.848) (-3.816)
(1} L] L] L r ]
0.2402E-02 ; 0.11R1E-02 -0.6280E-03 i 0.2439E-03 : -0.8620E-03 -0.5567E-03
POP (4.570) {1.942) (-1,006) {0.1865) (-0.5224) (-0.6643)
we "
0.1368 E-02 § (,2180E-02 ; 0.11590E-02 -0.9108E-03 i -0.1302E-02 § -0.8989E-04
EMP (3.214) (3.588) 2737 (-0.5309) (-0.8858) | (-0.9344E-
Lz [T - o1y
2.3339 0.6679 -0.8925 -(,5363
TC (1.738) (0.4689) (-0.4455) (-0.3519)
»
-0.4272 -0.9394E-01 -0.2968 -0.8754E-01
COMPL (-1.178) (-0.2115) (-0.7538E- {-0.3392)
o1)
-0.1909E-03 ; -0.1312E-03 .0.1427E-03 § -0.1867E-06 : 0.1969E-03 { 0.1768E-03 ;i 0.9296E-04
HHINC (-3.403) (-2.097) (-2.142) (-0.3937E- (1.135) (1.162) (0.8567)
L1 L1 b 02)
3.5638
DTOWN (1.754)
»
X751 N 30315
SCHL (-0.7128) (0.9491)
3.8139 -2.3355 -5.0788
IN (4.263) (-1.886) (~4.020)
L1 L] e
77938
ouT @417
Ll
4.3072 -1.7274 -3.7441 -1.3185
RT2 (1.510) {-0.1386) {-1.343) (-0.3873)
31 9.0999 31908 12,813 -0.3557 3.8331 16.220 28,150
CONST (1.444) (3.74%) (1.190) (4,568) (-0.2833E- {0.2201) (1.794) (1.203)
ET ] EY 01) -
R2 0.6069 0.4762 0.5226 0.4256 0.3526 0.0772 0.2762 02839
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In theory, the more stops serving a time point, the greater the ridership potential. The size of the
coefficientsindicates that an increase in 1 scheduled stop, results in an increase of 0.32, 0.30, and
0.40 passengers per trip for the morning, midday, and evening time periods respectively.
Although the mean number of scheduled stops is not statistically significantin the afternoon

peak time period, it still represents the best point estimate of the effect of scheduled stops on

passenger demand. The variable did not prove statistically significantin any of the cross-town

models.

Population is an important explanatory variable in the radial models in the a.m. peak and midday
time periods. The signs of the coefficientsare positive, with the size of the coefficient being
greater for the am. peak model. The interpretation of the coefficient for population in the a.m.
peak model is that a 100 person increase time point population leads to an increase of 0.24 riders
per time point. The best way to interpret this variable is to multiply the value of the coefficient
by the expected population increase (or decrease) by the number of trips serving the time period.
Using the above example, an increase in demand of 0.24 riders per trip times 13 trips serving the
time period equals a ridership increase of 3.24 patrons per time point for the time period.
Employment proves to be an important variable in the radial midday, afternoon peak, and
evening models. An increase in employment of 100 persons per time point would result in a
0.14, 0.22, and 0.12 increase in mean boardings per trip per time point for the midday, afternoon
peak, and evening time periods respectively. Note that employment proxies for non-residential
activity locations in the evening models. Neither population nor employmentare important
determinants of passenger demand in the cross-town models. This finding seems reasonable

consideringthe nature of cross-town routes and the characteristics of the market areas served.

Median household income is an important explanatory variable in the radial models, but not the
cross-town models. As expected, income is negatively associated with transit demand. The

effect of income on boardings is greatest during the morning peak time period. The morning peak



income coefficient yieldsan estimate of a0.19 decrease in mean boardingsfor every $1000

increase in median household incomein the time point buffer.

A number of variables were used to control for the effectsof other sourcesof originating riderson
passenger demand. A transit center dummy was used in the radial modelsto proxy for additional
sources of originating ridersin theform of transfersand persons using park and ride facilities.
Thevariableissignificantin the am. peak model. The presenceof atransit center associated
with atime point contributesan average of 2.33riders per trip. The variableassociated with
additional sourcesof passengersin the cross-town models, the number of intersecting routes, had
no effect on mean boardings. A downtown dummy variable wasincluded in theradial afternoon
peak model to control for unknown effectson demand associated with time points contained
wholly within or intersecting downtown. The variable proved moderately significant,
contributing an average of 3.56 passengersper trip. The high school dummy variableused in the

radial and cross-town midday models had no effect on mean boardings.

Direction isan important variablein all of theradial models. The reference caseisthe outbound
direction for the morning, midday, and evening models. The size of the coefficientsindicatesthat
the inbound direction accountsfor 3.81 passengersin the morning time period, -2.34 passengers
in the midday time period, and -5.08 passengersin the evening time period. The negative value
for the midday time period is counterintuitive. For the afternoon peak model, the reference case
isthe inbound direction. On average, the outbound direction in the afternoontime period

accountsfor 8.00 additional passengers. A directional dummy variablewas not tested in the

cross-town models.

Theradial models explain 43-61% of the variationin mean boardings. The highest R? valuesare
for the morning and afternoon peak period models, at 61% and 52% respectively. Only 8-34%
of the variation in mean boardingsis explained on cross-town routeswith these model

specifications. The low amount of explained variancein the cross-town modelsislargely the



result of modeling afairly ubiquitousleve of demand at the time point-level of anaysis. Itis
apparent that time point-level modeling is much more suited to analyzing factorsaffecting
passenger demand on radial routes. The resultsof the model are generally consistent with other
passenger demand studiesin that income and market size (population/employment) are shown to
be significant determinantsof demand. Other important findingsare that frequency of service has
no effect on demand in time point-level modeling and that unreliableserviceis shown to

adversdly influence passenger demand.

The dependent variablein the supply equationsis mean scheduled headway. Table 8.3 shows

the results of the supply models.

Table 8.3. Regression Results: Supply Models

Radial Cross-town
{SUPPLY _ ; i
’ i Moming Midday Aftenoon { Evening { Moming Midday § Afternoon Evenrng i
Peak Peak i Peak i Peak
HWSM Dv Dv BY DV DV DV DV DV
-11.386 -11.9450 -10.767 -5.8828 -20.022 -39.361 -49.119 -13.808
LOADCTP {-6.384) (-2.783) (-4.973) (-3.690) (-6.379) {-15.08) (-7.213) (-23.71)
x5k R L1 g xr L] xi *% %
644.403 97973 §90.79 10019
PAT (10.970) (29.830) (15.190) (32.54)
£ ok *k xk
940.47 1096.3 932.77 972.95 11249 15926 1750.2 10525
CONST (21.530) (10.800) i (15.140) (31.21) (17.09) (27.44) (10.88) (105.2)
*k *k L3 *® e k¥ 13
R2 072717 0.9424 0.7966 0.9446 0.5172 0.8596 0.5797 0.9382

The variablefor mean maximum load at the critical time point issignificant in all time periodsfor
both radial and cross-town models. Interestingly, maximum load at the critical time pointis
shown to be an important explanatory variablein the off-peak models. Thisis surprising because
it was not expected that there would be a strong rel ationship between passenger loadsand policy
headways. A dummy variablefor route pattern was included in the radial modelsto control for
the effects of shortlined trips on scheduled headways. The variableproved statistically
sgnificant in al time periods. For the radial models, 72-94% of the variation in scheduled



headway is explained with just two variables. For the cross-town models, the modelsexplain 52-
93% of the amount of variation in mean scheduled headway. The amount of variation explained

in peak period modelsislower than that for off-peak period models.

The dependent variablein the reliability equationsis mean departure delay variationfor the ofi-
peak models and mean headway delay variation for the peak models. Table 8.4 showsthe results

of thetransit service reiability models.



Table 8.4. Regression Results: Reliability Models
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Mean scheduled headway provesto be an important explanatory variablein the radial am. peak
model and both cross-town peak models. This showsthat frequency of serviceis positively
associated with delay variationand is consistent with the argument by previousresearchersthat
the amount of scheduled service setsan upper bound on service unreliability. The relationship
between mean schedul ed headway and delay variationis positive. Contrary to expectations,

service frequency did not prove significant in the radial aftemoon peak model.

In al modes except for the radial am. peak model, headway delay variability or departure delay
since variability sincethe previoustime point are significant determinantsof unreliable service.
Thepolicy implicationis that effortsto minimize delay at earlier points along a route will
produce benefits at subsequent locations. For the peak period models, the largest coefficient for
headway delay variation at the previoustime point is associated with the radial p.m. peak modd,
followed by the cross-town p.m. peak model. For the off-peak models, the radial midday and
evening modelshave smaller coefficientsfor departure delay variation at the previoustime point
compared to the cross-town models. Because the dependent and independent variablesare both
measured as delay variances, thereisadirect interpretation of the sizes of the coefficients. For
example, a 1.00 second increase in headway delay variation at the previoustime point in the

radial aftemoon peak model leadsto a 1.14 second increase in headway delay variationat

subsequent time points.

Mean boarding variation has no statistically significant effect on delay variationinany of the
models, except for a moderate effect with the wrong sign in the evening cross-town model. The
finding that boarding variation does not appear to be an important contributor to delay runs
contrary to conventional wisdom about the rel ationship between transit service reliability and
passenger demand variation. It iswidey believed that passenger demand variation isa cause of

unreliableservice, yet the opposite effect may be more important- that unreliable service causes

passenger demand variation.



The mean number of scheduled stopsis an important determinant of delay variationin the
morning, midday, and afternoon models, and the cross-town morning and midday models. The
relationshipis positive, with an increase in the number of scheduled stopsleading to an increase
in delay variation. The size of the coefficientsare largest for theradia p.m. peak model, followed
by theradial am. peak model. Mean unscheduled stop variability has no effect on delay
variationin any of the models. Thisfinding isnot surprising given that unscheduled stops
represent away for driversto kill timewhen busesthey are running ahead of schedule. Mean lift
variability isshown to adversely impact service reliability in the radial moming and evening
models. For cross-town models, the variable proves significant in the moming and midday
models. Thesize of the coefficientsis substantial largely because lifts operationsare infrequent.
Event variability i s an important determinant of unreliable service in theradial afternoon peak

period model. Becauseeventsare largely outside of the control of the transit agency, thisfinding

haslittle policy significance.

Part-timedriver variability has differing effectson delay variation depending upon the modd.
The coefficientsare significantand positivein the radial morning and cross-town afternoon peak
models, yet are significant and negativein theradial midday model. Thereasonsfor the negative
sign on the radial midday coefficient may be dueto thefact that thereisvery littlevariation in the
variable. Inthe cross-townmodels, the dummy variablefor route 72 is statistically significant in
the pesk period models. This meansthat there are measurable differencesbetween these two
routes, with delay variability being higher for route 72 than route 75.

Variability in link speed isan important determinant of unreliableservicein all modelsexcept for
the cross-townevening model. This variable wasdesigned to proxy for variationin auto travel
speedsto reflect excesslevels of traffic congestion. The relationshipbetween link speed
variability and unreliable serviceis positive except for a counterintuitive sign in the cross-town

afternoon peak model.



The dummy variablefor inbound direction isa significant explanatory variablein theradia a.m.
peak model. Inbound bustrips are associated with a reduction in headway delay variability
relative to outbound trips. Thisis becausethereisexcessrunning time built into schedulesinthe
a.m. peak period onradial routes. An interesting finding isthat thereis no statistically significant
differencein headway delay variation attributableto direction in the afternoon peak time period.
Thereason for thismay lie in thefact that both inbound and outbound trips in the afternoon

peak face similar operating conditions as the transportation system is generally congested.

The transit service reliability model sperform reasonably well, explaining anywhere from 71-98%
of the variationin headway delay and departuredelay variability. Slightly more variationis
explained in the peak period models compared to the off-peak period models. In contrast to the
cross-town demand models, the cross-town reliability models perform well at the time point-
level of analysis. In genera, thetransit service reliability model sshow that service frequency,
existing levelsof delay variation, the number of scheduled stops, link speed variability, and
directionin theradia am. peak model aresignificant determinantsof delay variation. Boarding

variationisfound to havea negligibleeffect on servicereliability.

9. Conclusions
Thisreport outlined a framework for analyzing passenger demand and transit servicereliability at

thetime point-level of analysis. It has been shown that time-point level demand modelsare
structurally different from route-level demand models. In particular, there exist unigque spatial
rel ationshipsbetween variablesthat prohibit the use of simultaneousequationsmodeling. The
gpatial disparity problem resultsfrom the fact that passenger demand and reliability are stop-
level phenomena, whereastransit service supply isrelated to routesor route-segments. The
endogenousvariablesproblem stemsfrom the fact that different measures(means and variances)

of certainkey variables are required depending upon the specificequation. The implications of



both of these sets of problemsare that demand, supply, and reliability cannot be simultaneously

determined in atime point-level model.

Automated data collection systems such asthe Tri-Met BDS are providing new opportunities
for advanced analysis of transit performanceand passenger demand modeling. A key
contribution of this research has been to link data typically associated with operations control
and performancemonitoring with service planning through use of acommon geographic data
structure (Strathman, Dueker, & Peng, 1997; Furth, 2000). Thiswas accomplishedthrough use
of an integrated bus performancedatabase and aGIS. The datastructureemployed in this
research allowed for measuresof variation over timeand space. A considerable amount of

informationwas summarized and integrated into a spatially consistent data set.

Oneof the main theoretical underpinningsof thisresearch isthat service quality, represented by
variation in bus performance, affects the demand for transit. The models developed in thisstudy
utilize different bus performancemeasuresdepending upon frequency of service. Thiswasdone
in an attempt to address unreliable service from the perspectiveof passengers. An important
aspect of thisresearchwasto use measures of variability in bus performanceto explain passenger
boardings. The regression resultsindicatethat variability in bus performance has an adverse
effect on mean boardingsfor both radia and cross-town routes at the time point-level of anaysis.
Factorsfound to be important determinants of mean boardingson radial routesincludethe
number of scheduled stops, population (a.m. peak), employment, income, and direction.
Contrary to previous studies, service supply was not found to be significant. The cross-town
demand models performed rather poorly except for the bus performancevariables. An attempt
was made to model the supply of transit at the time point-level as a function of peak passenger
load and service pattern. Both variablesproved significant in explaining mean scheduled
headway. The reliability models preformed well for both radial and cross-townroutes. Factors
found to be important determinantsof delay variation includeexisting levels of unreliability,
variability in link travel speed, and mean scheduled headway (peak period model sexcept p.m.



peak). Variablesfound to vary in importance between models include the number of scheduled
stops, lift operation variability, event variability (p.m. peak only), and part time driver
variability. Direction wasfound to be an important determinant of delay variationin theam.
peak radia model only. Surprisingly, boarding variation did not have any effect on service
reliability.

The preceding analysissuggestsa number of directionsfor future research. One of the more
logical extensions pertainsto functional form. The rel ationshipsbetween the dependent and
independent variables may not be linear. Passenger demand studieshave typically sought to
explain mean boardings. Thisislargely because of difficultiesassociated with collecting dataon
ridership. New technologies such as APC technology collect sufficient amountsof datato allow
for analysisof passenger loads. Thiswould be particularly useful for peak period modelswhere
bus bunching representsan inefficient use of resourcesfrom the perspectiveof operatorsand
where seating capacity constraints (pass-ups and overloads) represent poor quality service from
the perspective of passengers. Lastly, it appearsthat time-point analysis of passenger demand
on cross-town routes requires rethinking since very few of the standard explanatory variables

proved significant.



Appendix 1: Bus Performance Database Structure
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Appendix 2: Descriptive Statistics

Radial: A.M. Peak
. Name N Mean Std. Dev, Var. Min. Max
ONM 65 5.922 5103 26.039 0.031 23685
HWSM 65 762570 280.470 78661.000 429.610 1746.000
HDV 65 60440000 69116.000 4777100000.000 10647.000 528470.000
HDVETP 65 49536000 48137.000 2317200000000 8481.500 i 329010.000
POP 63 1647.300 1193.000 1423300.000 14.000 4031.000
TC 65 0.123 0.331 0.110 0.000 1,000
INCHH 65 25236.000 8510.400 72426000.000 6114.000 39853000
IN 65 0.508 0.504 0.254 0.000 1.000
LOADCTP 65 21.719 10.288 105.840 8.132 34.381
PAT 65 0.108 0.312 0.098 0.000 1.000
ONV 65 15.963 19.093 364.530 0.051 102.970
STOPSM 65 10.815 4.108 16.872 2.000 20.000
USTOPV 65 0.579 0.509 0.250 0.010 3431
LIFTV 65 0.020 0.029 0.001 0.000 0.149
EVENTV 65 0.006 0.008 0.000 0.000 0.034
PIDV 65 0.214 0.028 0.001 0.142 0.250
MPHV 65 31,392 31.708 1003.400 6.811 219,990
Radial: Midday
e Gy e T e e i
ONM 65 6.227 4.675 21.856 0.059 23565
HWSM 65 923.930 325.270 105800.000 710.540 1861.500
DDV 65 44990.000 37429.000 4009G0000.000 7814.800 i 239110.000
. DDVPIP 65 34348 000 22754.000 517750000.000 5503.500 88582000
POP 65 1647.300 1193.000 1423300.000 14.000 4031.000
i EMP 65 1413.100 1208200 1460200.000 72.000 5740.000
TC 65 0.123 0.331 0.110 0.000 1,000
- SCHL 65 0.215 0.414 0.172 0.000 1.000
INCHH 65 25236.000 8510.400 72426000.000 6114,000 39852 000
IN 65 0.508 0.504 0254 0.000 1.000
LOADCTP 65 23.267 2.391 5.716 20.264 26,985
PAT 65 0.108 0.312 0.098 0.000 1.000
ONV 65 20.183 23.408 547.950 0.316 122.930
STOPSM 63 10.831 4.137 17.112 2.000 20.000
= (STOPV 65 0.666 0.497 0.247 0.023 2323
: LIFTV 65 0.060 0.050 0.002 6.000 0.206
EVENTV 65 0.008 0.010 0.000 0.000 0.048
PIDV 65 0.197 0.045 0.002 0.104 0.251
MPHV 65 33,186 26.673 711.440 8.506 141,996
Radial: P.M. Peak
i Name PN Mean Std. Dev, Var..i Min, Max
i ONM 65 i 7.200 7.172.3 51.438 i 0,293 40.651
: “FTWSM 65 756.990" 354930 105580.000 "} 3987440 1831.500
| HDV 65 85617,000 i 56681,000........3212700000.000 16303.000 i 384290.000 :

[Radial: PM. Peak Continued]



Name NI Mcan Std. Dev. Var. Min. Max
HDVPTP 65 69965.000 38782.000 1504 100000.000 13368.000 162210.000
EMP 65 1413.100 1208.400 1460200.000 72.000 5740.000
TC 65 0.123 0.331 0.110 0.000 1.000
DTOWN 65 0.154 0.364 0.132 0.000 1.600
OUT 65 0.492 0.504 0.254 0.000 1.000
: LOADCIP 65 27.093 8.463 71.617 17.167 37.696
PAT 65 0.108 0.312 0.098 (.000 1.000
ONV 65 25.026 31.464 989.950 0.259 156.910
STOPSM 65 10.708 4.042 16.335 2.000 20.000
USTOPV 65 0,644 0.476 0.226 0.036 1.989
LIFTV 65 0.057 0.061 0.004 0.000 0.263
EVENTV 65 0.015 0.019 0.000 0.000 0.080
PIDV 65 0.241 0.014 0.000 0.203 0.253
MPHV 65 26.457 20.686 427.920 6.883 129.660
Radial: Evening
Name N Mean Std. Dev, Var, Min. Max
ONM 65 4.345 4808 23.121 0.079 29.590
HWSM 65 972.790 326.170 106390.000 747.170 2057.100
DDV 65 42082.000 29062.000 244610000.000 6516.900 132060.000
DDVPTP 63 32735.000 19903.000 396130000.000 6312.200 78076.000
POP 65 1647.300 1193.000 1423300.000 14.000 4031.000
EMP 65 1413.100 1208.400 1460200.000 72.000 5740.000
TC 65 0.123 0.331 0.110 0.000 1.000
INCHH 65 25236.000 £510.400 73426000.000 6114.000 39852000
N 65 0.508 0.504 0.254 0.000 1.000
Y OADCTP 65 18.367 6.032 36.390 9 80} 29.128
PAT 65 0.108 0312 0.098 0.000 1.000
ONV 65 13.131 22.256 495.340 0.139 144.190
STOPSM 65 10.831 4.137 17.112 2.000 20.000
USTOPV 65 0.521 0.436 0.190 0.030 2.063
LIFTV 65 0.042 0.050 0.002 0.000 0.274
“EVENTV 63 0.007 0.010 0.000 0.000 0.039
PTDV 65 0.198 0.042 0.002 0.129 0.251
i MPHV 65 32.698 25.768 663,990 5.854 151.600
Cross-town: A.M. Peak
Mean i Std. Dev. 1 Var. | Min..i Max i
13004 4-52% 20.437.3 0,492 T8 04
09620 =N B818,200. -5 2:ABB frencr 86552001
L 3T, 371 T W S 33602:000...--1229200000.000 126062008+  173450.000 &
......... 43877,000 :  ...24727.00Q. 1611420000.000..}........9016.100 ¢ 105330.000 :
..... 1841500 1 A L 6 78040:000 e 392:000. 1 ... 3837.000.4
4447 § 2.251.4 5.065.. 2.000..1 12.000..1
L, INCHIE. ABhoris 29922008, 8 5224.200.4..27261000.000.........20452.000..i ......41054.000 4
R72 38 0.474.1 0.506. 0.256 | 0.600 i L1000,
LOADCIP 38 20.71D 2025 9157 17 Bl 1 24.955..)
ONV 38 3 24,421 26.043 627.140 0.796 ; 125.610...
[Crosstown: A.M. Peak Continued]
Name N Viean Std. Dev. | Var., | Min. i Max }
STOPSM 38 137421 i 4.506 | 20.304.3 Yo O SR Yoo




USTOPV 318 0.532 0.310 0.096 0.058 1.424
TV 3% 0.023 & 6.035 0.001 0.000 0.150
EVENTV 38 0.007 0.008 0.000 0.000 0.031
PTDV 338 0.172 0.047 0.002 0.123 0.231
MPHY 38 27.081 16.021 256.680 10.494 80.615
Cross-town: Midday
Name N Mean Std. Dev. Var, Min. Max
ONM 38 7.501 4.531 20.527 1.183 19.978
HWSM 38 725,610 132.670 17603.000 572.210 879.500
DDV 38 35397.000 23829.000 567810000.000 7330.600 108150.000
DDVPTP 38 26466.000 15606.000 243550000.000 2955.400 60343.000
PCP 38 1841.500 824.040 679040.000 399,000 3837.000
EMP 38 1001.600 573.390 328780.000 £9.000 2735.000
COMPL 38 4,447 2,251 5.065 2.000 12,000
INCHH 38 29922.000 5221.200 27261000.000 20452,000 41054.000
" SCHL 38 0,237 0.431 0,188 0,600 1,000
R72 38 0.474 0.506 0.256 0.000 1.000
“LOADCTP 3% 33.027 3133 § 809 i8.884 76.486
ONV 38 29.615 26.738 714.940 2,292 107.730
_____STOPSM 38 13.421 4.506 20.304 5.000 21.000
USTOPY 38 0.600 0.284 0.080 0,094 1.129
LIFTV 38 0.048 0.043 0.002 0.002 0.172
EVENTV 38 0.008 0.006 0.000 0.000 0.029
PTDV 38 0.203 0.032 0.001 0.139 0.242
MPHY 38 30.554 23.215 538.950 12.427 116.370
Cross-town: P.M. Peak
Name i N Mean Std. Dev., Var. Min. Max
ONM. 38 7.904 4881 33835 1.033 31.124
HWSM 38 583,640 116.670 13613.000 460.670 887.580
HDV 38 89269.000 48785.000 2379900000.000 16523.000 195000.00¢
I-IDVPTP 38 74414.000 45393.000 2060500000.000 7112.600 169300.000
EMP 38 1001.600 573.390 328780.000 69.000 2735.000
POP 38 1841.500 824.040 679040.000 399,000 3837.000
COMPL 38 4.447 2.251 5.065 2.000 12.000
INCHH 38 29922 000 5221.200 27261000,000 20452.000 41054.000
R72 38 0.474 0.506 0.256 0.000 1.000
LOADCTP 38 23.546 1.826 3.335 21.264 25.405
ONV 38 31.899 26.756 715.870 1.949 125.630
STOPSM 38 13.421 4,506 20.304 5.000 21.000
USTOPV 38 0.526 0.272 0.074 0.047 1.215
LIFTV 38 0.036 0.034 0.001 0.000 0.130
EVENTV 38 0.015 0.012 0.000 0.000 0.054
FIDV 38 0.223 0.030 0.001 0.168 0.251
MPHV 38 27.369 19.234 369.940 9812 93,764




Cross-town: Evening

Namc N Mean Std. Dev. Var. Min. Max
i ONM 38 4.943 3267 10.676 0.331 15.453
HWSM 38 823.860 66.172 4378.700 716.980 894.970
DDV 18 44044000 26313.000 692390000.000 7772.300 134390.000
DDVPTP 38 34030.000 17165.000 294640000.000 4408.900 62283000
POP 38 1841500 824.040 679040.000 399 000 3§37.000
EMP 33 1001.600 573,390 328780.000 69.000 2735.000
COMPL 3% 4.447 2.251 5.065 2 000 12.000
INCHH Y 29923000 5221.200 27261000.000 20452000 41054.000
R72 18 0.474 0.506 0.256 0.000 1.060
LOADCTP 38 16.558 4.646 21.584 12.045 23.099
CONV 38 14.261 11,588 134.280 0.383 50.554
STOPSM 38 13.395 4.064 16.516 7.000 21.000
USTOPV 33 0.458 0.240 0.058 0.074 1.064
CLIFTV 3% 0.025 0.039 0.002 0.000 0.212
. EVENTV 38 0.009 0.009 0.000 0.000 0.036
PIDV 38 0.144 0.076 0.006 0.037 0.223
MPHV 38 : 54.554 75.459 5694,100 13.707 368.470
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