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ABSTRACT

Traditional travel diary surveys collect one or tdeys of travel data from participant
households. While cross-sectional travel diarysys are useful in determining the overall
average travel behavior of the regional populatibay provide little insight into intra-household
and intra-person trip variability. Longitudinalrsays are generally preferred for examining
travel variability. The objective of this reseasdffort is to study the intra-household travel
variability observed in the Commute Atlanta Studjne Commute Atlanta Study is a GPS-
based instrumented vehicle monitoring study thatdwdlected vehicle trips from a fleet of
approximately 500 vehicles in 260 representativeskbolds. The research effort uses travel
data collected in the year 2004 for the Commutamtt Study. The average variability or
deviation in the number of trips by a householthenCommute Atlanta Study was observed to
be 3 trips/day. Demographic variables such asdimid size, household income, vehicles
ownership, number of children, number of workers] aumber of students have a significant
effect on the day-to-day variability in the totaimber of household trips per day. The
variability due to seasonal effects is controllgdsbparately analyzing travel data during specific
months in the spring, summer, and fall. The amayeund that the demographic variables have
a significant effect on day-to-day variability &t household number of trips when the
variability associated with seasonal effects idwked. The researchers noted that vehicles
identified by participants as being used alwaysamasionally for business/commercial purposes
undertake very different travel patterns than otleicles, and that their presence in the sample
will significantly bias analytical results in thealysis of longitudinal data. 'Commercial Use'
vehicles are excluded from travel variability arsdyand the argument is made that households
with such vehicles present must be treated asdepandent sample in future travel diary data
collection and longitudinal studies.
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INTRODUCTION

Traditional travel diary surveys collect one or tdays of travel data for each household. These
traditional surveys do a decent job of capturingrage household travel behavior within
specific population sectors, when conducted indangmbers using proper random-stratified
sampling techniques. However, these traditionalests do not provide sufficient data for
undertaking more detailed behavioral analysis etisaggregate level [1]. With the evolution
of travel behavior analysis and development of namheanced statistical techniques, there
appears to be an increased awareness of the needltate day-to-day travel variability at the
disaggregate level. Day-to-day travel variabifggults from the natural daily variation of an
individual’s transportation needs and desire, analso affected by feedback from the
transportation system (previous travel historyyjmaes experience, congestion levels, etc.).
Analysis of day-to-day variability in travel behavihelps travel demand modelers obtain better
analytical results using advanced statistical {dudps social researchers to better understand
travel behavior; and helps policy analysts to abtatter insight into the potential effects of
transportation policies [2]. Multi-day travel datallected over longer periods in longitudinal
studies can provide valuable information for anialgsnd estimating the microscopic level
changes that occur at the household or the peeseh | The Commute Atlanta Study, an
instrumented vehicle study, has collected detatmbnd-by-second data for more than 1.5
million vehicle trips from 260 households with 48€hicles over a three-year period. The
longitudinal data from this study provide valuabi®rmation on intra-household variability of
travel behavior. This paper reports the resultsnaf set of analyses recently conducted on the
day-to-day variability of household trips/day asiaction of various demographic
characteristics.

BACKGROUND

Cross Sectional Travel Data

The analysis of cross-sectional travel data asstinashe individual’'s day-to-day travel is
fairly stereotyped, or habitual [3]. The utilityaximization theory, which states that the
individuals try to perform activities as efficiepths possible, forms the basis of data analysis [4]
In general, the individual tries to satisfy hisiaity needs rather than optimize his activitiesgan
routine behavior is a stress minimizing satisfystigitegy because it eliminates the need for
constant decision-making. This leads to the assomfhat most people establish habitual
behavior patterns. However, many activities ofrahividual occur in cycles that may be
repeated daily, weekly, monthly, or even annuallfie cross sectional travel data can present
serious problems in drawing inferences from the diaie to the temporal variability in travel
behavior where potential errors may be associatédtiae temporal cycle over which an activity
occurs.

Cross sectional travel data have analytical linateg with respect to behavioral dynamics in
travel behavior [1]:
» Cross sectional data are inadequate to evaluatespense lags and response leads of
behavioral adjustments to an event.
» Cross sectional data cannot capture habit persistevhere people exhibit routine
behavior even after such behavior is no longemagit{e.g. habitually shopping at one
location even after a closer location with equditythas opened).
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» Cross sectional data are not useful in evaluahngshold or cumulative effects, where
the magnitude of change associated with an evestdst® be greater or less than a
threshold value for behavioral change.

» Cross sectional data cannot evaluate behaviorai@gjry or hysteresis, where people
make asymmetric adjustments in behavior in resptmsgmmetrically opposite events.

» Cross sectional data do not capture multiple dupiglj where multiple states of behavior
are possible for any set of conditions.

Longitudinal Data

Longitudinal data are important from both policyeal| as analytical point of view. Jones and
Clarke offer an excellent discussion on the sigaifice and measurement of variability in travel
behavior [2]. The emphasis on planning aroundibed has shifted from capacity expansion to
the formulation of transportation policies thateetively manage travel demand, which
necessitates better understanding of travel behailo matter how big the sample of cross
sectional data, it cannot address variations wetrbehavior over time. Longitudinal data
facilitate the identification of cause and effegationships as they can account for behavioral
dynamics [1]. Longitudinal data are efficient wlect in the case of panel surveys and can
provide benefits with respect to survey cost amdipater efficiency. The Puget Sound
transportation panel survey, which consists of fwaves of travel survey from 1989 to 1993, is
a good example of longitudinal data collection ggpanel surveys. Longitudinal data collected
using passive technologies such as instrumentedlgslstudies can collect data for a long time
without loss in accuracy or participant fatigue.

The longitudinal data and data collection processehtheir limitations. Longitudinal data, when
collected passively, requires state-of-the-artnettgy and hence highly skilled labor. The
turnover of equipment during the course of the datkection can affect efficient data collection.
Data collection is also dependant on external sesvsuch as wireless and GPS services that
may affect the study. The cost of longitudinaledellection is large compared to the cross-
sectional data. Longitudinal data collection inhopanel surveys and passive instrumented
surveys face issues due to subjects leaving tlusy siver time. When passive data collection
technology is used, it is difficult to identify pripurpose when a trip ends at a new location. The
other significant issue with passive longitudinatadcollection is trips made by modes other than
auto are not captured.

Variability Studiesusing Longitudinal Data

Pas and Koppelman examined the determinants oftdatay variability in individual's urban
travel behavior [5]. This paper developed and erathtwo general hypotheses regarding the
determinants of intrapersonal variability in urlieavel behavior. The first hypothesis is that
individuals with fewer economic and role-relatedhstaints have more intra-personal variability
in their daily trip frequency. The second hypothéssted was that individuals who fulfill
personal and household needs and do not requisepdaticipation in out-of-home activities
have higher levels of intrapersonal variabilitytieir daily trip frequency. The study tested and
verified the two hypotheses to be significant.

Schlich and Axhausen used six-week travel diarg tlaevaluate habitual travel behavior [4].
The paper found that the day-to-day behavior isenvariable if measured with trip-based
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methods instead of time budget methods. The sibdgrved that travel behavior is neither
totally repetitious nor totally variable. The syutbncluded that the travel period observed
should be at least two weeks to measure variability

Using the same six-week travel diary data as Stlded Axhausen, Susilo and Kitamura
analyzed the day-to-day variability in an indivitieaction space [6]. This study’s results show
that out-of-home activity orientation and commitrhgriluence the extension of action space.
For workers and students, they observed that treadpf activity locations and the distance to
these locations was stable from day-to-day. Theystound that random factors have dominant
influence on non-workers weekday action spacesardll individual's weekend action spaces.

The day-to-day variation of individual trip schedgl and route decision for the evening
commute was studied by Hatcher and MahmassaniT[ii¢ detailed 2 week travel diary data
from commuters in Austin, TX was used in this studye study presented models to relate
observed route and departure time switching patterthe commuters’ characteristics, such as
workplace conditions, socioeconomic attributes, taflic system characteristics. The study
observed high variability of the daily departumadi from work, which may be attributed to the
trip-scheduling flexibility associated with thisgtr

Li, Guensler and Ogle analyzed the morning commuuiée choice patterns using GPS based
vehicle activity data from the Commute Atlanta Sf&l This study presented a binary logit
model for the choice of single route versus mudtigute for morning commute based on route
characteristics and household’s socioeconomic ctematics. The study found that there was a
strong relationship between morning commute rohtece (single versus multiple routes) and
commuters work flexibility, socio-demographic chagistics and commute route attributes.

Commute Atlanta Study

The Commute Atlanta Program is an instrumentedclehesearch effort implemented under the
Federal Highway Administration (FHWA) Value PriciRgogram by Georgia Institute of
Technology. The objective of the program is taeadbke effects of converting a set of
automotive operating costs (gasoline taxes, registr fees, and insurance), into variable per-
mile driving costs [9]. The pricing experimentgju@ed the collection baseline travel patterns,
so that changes in commute, recreation, and siaiad| associated with pricing could be
determined. The research team installed approgign&00 GT Trip Data Collectors in the
vehicles of participating households to monitoiirtkdeiving patterns during the first year with no
pricing treatments. A recruiting firm recruitecethouseholds randomly to make the sample as
close as possible to the demographic distributiotianta. However, due to insufficient
number of lower income households volunteeringtierstudy, the sample is biased to the
higher income groups. The baseline data incluéedrsld-by-second vehicle position and speed,
as well as engine operating parameters for a solbsehicles. Household recruitment
interviews were conducted with collection of detdihousehold and personal demographic data
followed by a standard two-day travel diary. Imdidn, project participants routinely received
data sheets for submitting changes regarding holg@nd vehicle data. In the second year of
the study, households were exposed to a cent/mdimg experiment designed to simulate the
payment of vehicle registration, gasoline taxes, iasurance on a cent/mile basis. Households
that reduced their travel activity relative to theseline year received monetary incentives and
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households that continued their existing drivinggras received no benefits. The research team
monitored a significant reduction in travel durithg pricing period and is currently analyzing

the data to decouple the effects of experimentaing and the concurrent, substantial fuel price
increase on the travel behavior.

The 2004 Commute Atlanta data represent a full gébaseline travel data for the 263
households recruited to participate in the stutligese volunteer household allowed the research
team to professionally install a GT Trip Data Colte in each household vehicle driven more
than 3,000 miles per year. Using the equipmestarhers remotely monitored the travel
patterns of these vehicles, uploading vehicle,emgine operating data via cell phone. The
uploaded data are stored in a server and procésseeate trip files.

DATA

For the purposes of the travel variability analytie research team assembled a subset of the
2004 Commute Atlanta data, which includes all hbotas for which complete travel histories
for every primary vehicle in the household wereilalde. That is, if one vehicle experienced an
equipment failure and the unit was replaced threeks later, the household was excluded from
the analysis to ensure that all travel data woelddptured in the electronic data stream. The
Commute Atlanta travel variability data subsetugigls 153 vehicles representing 98 households.
All of the vehicles in these households, with tRkeeption of low-mileage vehicles (under 3,000
miles/year) were installed and all of the trackéigyices in the installed vehicles were working
properly during the entire baseline year. Theafsefull year of data is important to control for
seasonal effects of travel variability. Some @&sth households sold or purchased vehicles
during the middle of the year, but the household imaluded when the researchers were able to
directly swap devices from the old to new vehidi@r reasons that will be explained later in the
paper, the analyses reported herein also excludesuseholds that have identified one or more
of their vehicles as being used some or all otitine for business/commercial purposes. The
research effort defines a child is defined as agretess than 16 years of age as of January 1,
2004.

INTRA-HOUSEHOLD DAY-TO-DAY VARIABILITY

For the 98 households included in the analysespted herein, Figure 1 shows the average
number of trips per day by month. The figure shtivesseasonal variation in the average
number of trips/day, with a peak in daily trip madgioccurring at the end of spring.
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FIGURE 1 Average Number of Trips/day by Month.

Day-to-Day Variability in Number of Trips

The absolute value of the difference between nurabgips by a household in a given day and
the average number of trips for that household dweentire year is one measure of variability
for day-to-day trip making. For the purposes @ tieport, the deviation will be referred to as
"deltatrips.” This implies that smaller the vahfemean deltatrips the smaller the travel
variability for daily household trip making. Thelthatrips is not normally distributed because it
is the absolute value of the difference. Hence;parametric statistical methods are used in this
research. The bootstrap method is used in estig#ie confidence bounds of the means and
Mann Whitney U test is employed to evaluate théedihces between two distributions.

Figure 2 summarizes the variation of mean deltatoypphousehold demographics. The mean
deltatrips increases with an increase in numbeehbicles in the household and the mean
deltatrips are significantly different from eaclmet. The single and two person households have
significantly lower variability than the three oone person households. The single and two
person households may not have children and thedl ¢t the reason for their lower variability.
Figure 2 indicates that there is a significantediéihce in annual travel variability between
households that have no children and the houselizddifiave at least one child. While one-
worker households have similar mean deltatripti¢onio worker households, the two worker
households have significantly more mean deltatrifise households with at least one student
have more day-to-day travel variability than withukeholds that have no students.
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Deltatrips by Income

Deltatrips by Household Size
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FIGURE 2 Average Annual deltatripswith Confidence Interval (Cl) for Households by
Vehicle Ownership, Household Size, Income Group, Number of Children, Number of
Workers, and Number of Students (N=98 households, for all of 2004).
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Hypotheses
Given the above observations, the following hypséseare tested.
» Hypothesis 1 - Households with higher income lewalge significantly more day-to-day
travel variability.
* Hypothesis 2 - Households with a single vehicleehsignificantly less day-to-day travel
variability than households with multiple vehicles.
* Hypothesis 3 — Households with no children havaiaantly different day-to-day travel
variability than households with children.
* Hypothesis 4 — Households with no workers haveifsogmtly different day-to-day travel
variability than households with workers.
* Hypothesis 5 - Households with no students havafgigntly different day-to-day travel
variability than households with students.

Table 1 shows the observed test statistic for owa hypotheses. From the table we can
observe that the mean deltatrips is not signifigaditferent for households with income in $75-
$100K from households with more than $100K incom@586 confidence. For the low and
middle-income groups the test statistic rejectsniehypothesis that the two mean deltatrips are
not statistically different at the 95% confidencehe null hypothesis that households with single
vehicles have the same mean deltatrips as houseWwdld multiple vehicles is rejected (Table

1). The null hypotheses that households with cailchave the same mean deltatrips as
households without children is also rejected. itk hypotheses that households with workers
have the same mean deltatrips as households withauers is also rejected. The null
hypotheses that households with students haveathe sean deltatrips as households without
students is also rejected.

TABLE 1 Results of Non-Parametric Tests

Mean Mean Mann Significance
Parameter 1 Parameter 2 Rank 1 Rank 2 Whitney U (p-value)
<$30K $30-$75K 11153 12043 37394011 0
$75-100K $30-$75K 11874 12730 40123039 0
$75-100K $100K+ 5986 6069 16645461 0.2*
Single Vehicle Multiple Vehicle
HHs HHs 15630 19963 121420914 0
HHs without
children HHs with children 17316 19254 123954423 0
HHs without
workers HHs with worker 17857 17944 91747152 0.55*
HHs without HHs with
students students 16926 19589 128491149 0
* indicates that the two samples are not different (applies to all tables)

GT Sample Group

The Commute Atlanta Study recruited householdsdapen income, household size, and
vehicle ownership [7]. The households were classihto eight sample groups called GT
sample groups based on income, household sizejedmcle ownership. All households must
own at least one vehicle, because the main pumpiabe study was to examine the effects of
cent/mile and congestion pricing. The first granguded all households with income less than
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$30K per year, any household size, and any nunfberhicles. The second group included all
one-person households with an income of $30-$75Kaary number of vehicles. The third
group included all households with an income of-$36K, with at least two persons in the
households and only one vehicle. Households iricimth group have an annual income of $30-
$75K, with two persons in the households and &t leeo vehicles. The fifth group included all
households with an income of $30-$75K, with atti¢laee persons in the households and at
least two vehicles. The sixth group included hbos#s making more than $75K, with only one
person in the households and any number of vehidlbe seventh group included all
households with an income of $75-$100K, with astéa/o persons in the households and any
number of vehicles. The last group included allseholds with an income in excess of $100K,
with at least two persons in the households andhanyber of vehicles. This classification
enables the analysis of the combined effect dhallthree variables.

Figure 3 shows the mean deltatrips by GT samplegreith separate values different number
of children in the household. When there are nlolidn in a household, the mean deltatrips is
generally lower than for households with multipheldren (except for middle-income
households with more than two adults). The med#atdps increases with the increase in
number of adults for households with no childr@ime mean deltatrips is not significantly
different for one-person households with changagome. It is also interesting to note that the
middle-income groups shows a decrease in travehiéity from one child to two children, and
then an increase as additional children are presgms may be associated with family structure
and lifecycle stage of the family (i.e. the relatages of the children significantly affect the
household travel demands). The research teanbaviixamining this effect during the case
study development for household pricing response.

TRB 2007 Annual Meeting CD-ROM Paper revised from original submittal.



Elango, Guensler, Ogle 11

HH with No Children HH with 1 Child
6 6
55 55
5 5
45 % 45
g4 i £ o4
8 8
35+ 35+ .}
[1
3 + 3
: i
25 25
i ' i i
2 + + + + + + + 2 + + + + + + +
<$30K, $30-75K, $30-75K, $30-75K, $30-75K, $75k+, $75- 100K+, <$30K, $30-75K, $30-75K, $30-75K, $30-75K, $75k+, $75- 100K+,
1+ per, 1per, 2+per, 2per, 3+per, 1per, 100K, 2+per, 1+ per, 1per, 2+per, 2per, 3+per, 1per, 100K, 2+per,
1+veh 1+veh 1veh 2+veh 2+veh 1+veh 2+per, 1+veh 1+veh 1+veh 1veh 2+veh 2+veh 1+veh 2+per, 1+veh
1+veh 1+veh
HH with 2 Children HH with 3 children
6 6
55 55
5 5
45 45 %
£ a4t S
H ) H
35 3.5
, ; : , ]
25 % 25
2 + + + + + + + 2 + + + + + + +
<$30K, $30-75K, $30-75K, $30-75K, $30-75K, $75k+, $75- 100K+, <$30K, $30-75K, $30-75K, $30-75K, $30-75K, $75k+, $75- 100K+,
1+ per, 1per, 2+per, 2per, 3+per, 1per, 100K,  2+per, 1+ per, 1per, 2+per, 2per, 3+per, 1per, 100K,  2+per,
1+veh 1+veh 1lveh 2+veh 2+veh 1+veh 2+per, 1+veh 1+veh 1+veh 1lveh 2+veh 2+veh 1+veh 2+per, 1+veh
1+veh 1+veh
HH with 5 children HH with 6 Children
6 6
55 55
5 5
4.5 4 { 45 I
54 £ 4
g H [
35 35
3 3
2.5 7 2.5 7
2 + + + + + + + 2 + + + + + + +
<$30K, $30-75K, $30-75K, $30-75K, $30-75K, $75k+, $75- 100K+, <$30K, $30-75K, $30-75K, $30-75K, $30-75K, $75k+, $75- 100K+,
1+ per, 1per, 2+per, 2per, 3+per, 1per, 100K, 2+per, 1+ per, 1per, 2+per, 2per, 3+per, 1per, 100K, 2+per,
1+veh 1+veh lveh 2+veh 2+veh 1+veh 2+per, 1+veh 1+veh 1+veh lveh 2+veh 2+veh 1+veh 2+per, 1+veh
1+veh 1+veh

FIGURE 3 Mean Deltatrips by GT Sample Group and Number of Children.

Variability by Day of Week

Figure 4 shows the mean deltatrips by day of wéldie mean deltatrips for weekdays is
consistent from Monday to Thursday and slightlynieigon Friday. During weekdays, trip
making may be more habitual, with less variabidityexpected. The greatest variability in mean
deltatrips is noted on Saturday. Many social eegants and shopping activities happen over
the weekend, starting Friday evening, and espgaallSaturdays. The trips produced by these
social activities are more likely to be non-hablitarad vary even from week to week. Therefore,
the high variability on weekends and especiallysaturday is as expected.
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FIGURE 4 Mean deltatrips by day of week.

Day-to-Day Variability in Spring

Seasonal effects have significant impact on theberrof trips per day as was noted in Figure 1.
To evaluate day-to-day travel variability excludseasonal effects, the analysis is performed on
a 31-day period in spring (March 15, 2004 to A4l 2004). The deltatrips for this analysis is
the deviation of the day’s trip from the mean nunmdferips during the analysis period.

Figure 5 shows the day-to-day travel variability fioe spring travel data. The household mean
deltatrips has significant differences betweenlsinghicle households and multi vehicle
households. However, the difference in deltatap®ng the different number of vehicles in the
multi vehicle households is not significant. White general trends in Figure 5 are similar to
the trends in the full year analysis shown in FegRy we find that the mean deltatrips are closer
to each other in the spring analysis than in tiley&ar analysis. The households with no
children do not have significantly different detips than households with children. There is
also no significant difference in the mean delpstiof households with 1, 2, 3, 5 or 6 children
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Deltatrips by Household Size
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FIGURE 5 Averageddtatripswith Confidence Interval (Cl) for Householdsin Spring by
Vehicle Ownership, Household Size, Household Income, Number of Children, Number of
Workersand Number of Students (n=98 households).
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TABLE 2 Results of Non-Parametric Testsfor Spring Data

Mann
Mean rank | Mean Whitney | Significance
Parameter 1 Parameter 2 1 Rank 2 U (p-value)
<$30K $30-$75K 925 1024 257116 0.004
$75-100K $30-$75K 1011 1075 292066 0.061*
$75-100K $100K+ 495 521 115030 0.183*
Multiple Vehicle
Single Vehicle HHs HHs 1308 1706 847928 0
HHs without children [ HHs with children 1463 1641 880709 0
HHs without workers | HHs with worker 1644 1493 595807 0
HHs without students | HHs with students 1439 1652 932425 0

The same set of hypotheses tests for the full gatr are tested for the spring data. In the spring
data, the null hypothesis that the mean numbeeltfips between middle income and high-
income groups are the same is not rejected. Théypothesis that households with single
vehicles have the same mean deltatrips as houseWwdld multiple vehicles is rejected from

table 2. The null hypotheses that households etitliren, workers, and students have the same
mean deltatrips as households without childrenkess; and students respectively are rejected.
From the above tests, we can argue that the getnenals of full year’'s travel variability are

likely to also be observed in spring travel dataalality.

Day-To-Day Travel Variability in Summer

More households take vacations in summer, and $€lao® usually not in session, therefore
summer travel is typically different from the re$the year. The analysis period for summer
should exclude holiday traveling period such agpehdence Day to remove large variations in
travel patterns. The analysis period chosen fomsar analysis is July 15, 2004 to August 14,
2004. Figure 6 shows the day-to-day variabilitglgsis for the summer travel data.

From figure 6, we can observe that summer travedlgity exhibits some differences from the
full year variability as well as spring variabilityWhile household vehicle ownership follows the
general trends, the household size group varialdeite different. Except for the one-person
households, the household sizes do not have disartidifference in the mean deltatrips. The
difference in the mean deltatrips for single personseholds compared to others maybe due to
single person households not being involving imasy summer social and recreational
activities, in which multi person households papite. The lower income group has
significantly different mean deltatrips from thénet groups, while the other groups have no
significant difference. It is possible that lovlecome households (that own vehicles) are less
likely to engage in recreational activities requoritravel as compared to middle and high-
income groups, which might explain the observatibmthe summer, households with children
have multiple activities, which usually do not ocduring the rest of the year, such as special
day and overnight camps. Households with child@ve higher variability in their day-to-day
trips in summer compared to the full year or sprimgich may be due to these new activities.
The variability across the number of students entthusehold follows the same trend as the
number of children. From the above analysis, weatzserve that variability in summer is
different from the variability in annual travel atite spring season travel.
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FIGURE 6 Averagededtatripswith Confidence Interval (Cl) for Householdsin Summer
by Vehicle Owner ship, Household Size, Household Income, Number of Children, Number
of Workersand Number of Students (n=98 Households).
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Table 3 shows the results of the test statisti¢Hisr hypothesis testing. The null hypothesis that
different income groups have the same deltrip®igejected except for the lower income group.
The other hypotheses are in line with the genegalds observed in the full year’s data and
spring data and reject the null hypotheses.

TABLE 3 Results of Non-Parametric tests for Summer Data

Mann
Mean Mean Whitney | Significance
Parameter 1 Parameter 2 rank 1 Rank 2 U (p-value)
<$30K $30-$75K 923 1025 256490 0.003
$75-100K $30-$75K 1018 1044 303703 0.457*
$75-100K $100K+ 499 519 116513 0.314*
Multiple Vehicle

Single Vehicle HHs | HHs 1350 1669 908282 0
HHs without

children HHs with children 1464 1639 882758 0
HHs without

workers HHs with worker 1451 1533 625556 0.049
HHs without

students HHs with students 1414 1692 886290 0

Day-to-Day Trave Variability in Fall

A Fall travel data period was selected to avoidibkday season, where increased shopping
activities can have a large effect on variationsanel behavior. The selected period for fall
data was October 1, 2004 to October 31, 2004. r€igwshows the travel variability observed in
the Fall travel data.

In Figure 7, fall travel variability is similar tine general trends seen in the full year travel
variability analysis presented in Figure 2 and3ipeing travel variability analysis presented in
Figure 5. The difference in the mean deltatripps& income groups is not significantly
different, except for the low-income households.

Table 4 shows the results of the test statisti¢Hisr hypothesis testing. The null hypothesis that
different income groups have the same deltripsiaesras not rejected, except for the lower
income group. The null hypothesis that househwitls workers have the same deltrips as
households that do not is not rejected The othpotineses are in line with the general trends
observed in the full year's data and spring data.
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Deltatrips by Income
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Deltatrips by Household Size
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FIGURE 7 Averagedeltatrips with Confidence Interval (Cl) for Householdsin Fall by
Vehicle Ownership, Household Size, Household Income, Number of Children, Number of
Workersand Number of Students (n=98 households).
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TABLE 4 Resultsof Paired T-test for Fall Data
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Mann
Mean Mean Whitney | Significance
Parameter 1 Parameter 2 rank 1 Rank 2 U (p-value)
<$30K $30-$75K 890 1032 245188 0
$75-100K $30-$75K 1004 1111 278775 0
$75-100K $100K+ 516 509 119457 0.72*
Multiple Vehicle

Single Vehicle HHs | HHs 1328 1688 877401 0
HHs without

children HHSs with children 1464 1638 883877 0
HHs without

workers HHs with worker 1496 1524 649322 0.5*
HHs without

students HHs with students 1440 1649 935688 0

Effect of Commercial Vehiclesin Day-to-Day Variability
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FIGURE 8 Effect of Commercial Vehicle on Household Size Analysis.
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Early in the paper, the authors asserted that comah@ehicles need to be excluded from the
variability analyses. The effect of commercial ieéds on the Commute Atlanta longitudinal
data is significant. Commercial vehicles are vigsicwhich the households claim to use for
commercial purposes, during the household surdéye households Figure 8 shows the effect
when commercial vehicles are left in the datasgahemmean deltatrips by household size. The
3-person household group’s mean delta trips deesesignificantly when commercial vehicles
are not included in the analysis. This is becdlis@wnership of commercial use vehicles is not
uniform across the household size groups, and trerpotential interactions between the
presence of the commercial use vehicle and theghals travel data as a function of household
size (and family lifecycle stage interacting withgoyment type). The same kinds of potential
biases in analytical results were noted acrossla wariety of analyses conducted to date by the
research team. Hence, it is essential to ensatetdmmercial vehicles do not bias the analysis
in longitudinal travel data.
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CONCLUSIONS

The research effort studied the number of housethipisl variability against the demographic
characteristics of the households. The variabifitthe number of household trips arises due to
seasonal, temporal, and non-habitual activitiessearch results indicated that households with
higher income, larger households, households owaigigeater number of vehicles, households
with children, and households with students hageicantly higher variation in the number of
trips per day. The results seem logical, given tihase household types may need to make more
trips and participate in more non-habitual actasti To control for seasonal effects, the
researchers looked at travel variability within anenth periods for Spring, Fall, and Summer.
The variability in trip making by demographic factor spring and fall was similar to that of the
full year’s variability. Analysis of summer travéata, however, indicated that only lower
income households, single person households, amgeholds with no children (which generally
exhibit significantly lower annual variability thasther groups) exhibited no significant
difference between annual and summer variabilBymmer variability in travel increased
significantly across the other demographic groupise research effort would also like to
underline the importance of dealing with commerggticles in longitudinal data since their
presence in the data set can significantly biasaity results and yield counter-intuitive
results.

The Commute Atlanta Study has collected uniqueitadmal data over the last 3 years. The
data are collected passively using vehicle instntaten. Hence, the data do not suffer errors
due to survey fatigue and non-reporting of tripsrawe duration of the study. The research into
travel variability in time and space using the CamerAtlanta data is ongoing. The next sets of
analyses are focusing on variability in travelatyiin time and space by trip type. Given the
relatively small longitudinal sample size, a caselg approach is being used for these
forthcoming analyses. However, given the resoliddte, the researchers are confident that
future research efforts using larger instrumenttiale samples will be able to provide very
useful data on travel variability for use in adiywbased travel demand model development
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