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Abstract

Modeling of activity duration has become an important aspect in characterizing activity and travel
patterns. The standard approach for analyzing activity duration is to use hazard-based models to
account for the duration dependence within an activity while estimating covariate effects and heter-
ogeneity. The effects of covariates and heterogeneity on duration have been modeled using parametric
and nonparametric regression techniques. In this paper, we present a nonparametric pattern recog-
nition approach that can precede hazard-based duration modeling to identify heterogeneity patterns
that may undermine duration modeling if not detected. The technique utilizes a kernel estimate of
the probability density function (pdf) of various activity durations and allows for statistical compari
son of distributions to evaluate differences between groups of individuals. Preliminary testing on the
first wave of a panel survey indicates that the approach is insightful in evaluating covariate effects
while allowing visual inspection of heterogeneity in the data. © 2001 Elsevier Science Ltd. All rights
reserved.
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1. Introduction

Activity-based approaches to travel demand forecasting have been proposed as a new paradigm
in travel behavior analysis because of their ability to model the derived nature of travel demand
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(i.e., people travel in order to participate in various activities). The majority of these new
frameworks advocate the use of behavioral simulation to create virtual, daily individual schedules
(Barret et al., 1995; Ettema et al., 1995a,b; Kwan, 1995; Bowman and Ben-Akiva, 1996; Kitamura
et al., 1996; Vaughn et al., 1997). To this end, significant advances have also been made in data
collection specifically designed for these frameworks (Arentze et al., 1997). Methodological
frameworks and models following this new paradigm in travel demand analysis and forecasting
can be found in Jones (1990), Hamed and Mannering (1993), Ben-Akiva and Bowman (1995),
Hofman et al. (1995), Morrison and Loose (1995), Pendyala et al. (1995), Bhat (1996a), Recker
(1995), Golob (1996), Golob et al. (1996), Golob and McNally (1996), Miller (1996), Stopher and
Lee-Gosselin (1996), Ettema and Timmermans (1997), Ma (1997).

The success of an activity-based forecasting system depends heavily on the behavioral models
that depict and attempt to predict a person’s daily schedule. However, facilitation of such
analyses requires a variety of models (estimated from observed data and/or coded into a mi-
crosimulation model) that allocate time in activities and travel. Examples of variables of interest
in such models are the time expenditure for each activity type, the frequency of activity types,
the amount of time a person spends outside the home, and so forth. If models that explain each
of these entities are available and can be embedded into a “‘simulator”, then synthetic (or
simulated-virtual) schedules can be produced. Hence, analyzing the activity participation be-
havior of individuals or households can provide meaningful insight to the prediction of travel
demand.

Fundamental to activity-based forecasting systems are parametric or nonparametric regres-
sion models that reflect the relationships between covariates and the aforementioned dependent
variables. Correct depiction of this relationship is based on the mathematical relationship be-
tween the covariates and the probability distribution of the dependent variable. Typically, the
relationship between the dependent variable and its covariates has been assumed to be either
linear or a form that may be linearized. Moreover, assumptions regarding the distribution of the
dependent variable have spanned a wide spectrum of parametric distributions and a few ad-hoc
nonparametric approaches. However, these approaches may have difficulty accounting for
special features, such as bimodality, in the distributions. The current paper provides an illus-
tration of a cross-classification alternative to regression models that can accommodate anom-
alies in the distribution of the dependent variable while making no assumptions about the
functional relationship between the dependent variable and its explanatory variables (or co-
variates). The dependent variables in this study are the amount of time allocated to six activity
types in a day by each segment of the population. The segments are defined for a person’s
lifecycle stage using a few explanatory variables such as age, presence of children in the
household, and gender. It should be noted that the method here can be expanded to other
dependent and explanatory variables used in the activity-based approaches including social and
economic circumstances and the level of service offered by the urban setting and transportation
system.

The next section reviews proportional hazard-based approaches and formally defines the
problem. Section 3 gives a review of kernel density estimation, and in Section 4, we apply this
nonparametric technique to duration modeling to investigate a few covariates and visually inspect
heterogeneity. Section 5 presents the data used for evaluation of the technique and our empirical
results. Section 6 summarizes our conclusions and future research in this area.
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2. The problem

The standard approach for analyzing activity duration is to use parametric hazard-based
models. This approach accounts for the fact that, in many situations, the time at which an activity
will end is conditioned upon the amount of time already spent participating in the activity (i.e.,
duration dependence). The hazard function describes the rate at which we expect an activity to
end given that an individual has been participating in the activity up to a certain time, ¢. Suppose a
continuous random variable, 7 describing duration in an activity has probability density function
(pdf), f and distribution function, F. The hazard function is defined as

Mty =fO0 = F@)™. (1)
Characterization of the hazard function alone is not sufficient to specify activity patterns; it is
also of interest to determine the effect of covariates on activity duration. The baseline hazard
function (denoted by A¢) is defined as a hazard function which does not account for these co-
variate effects. The proportional hazard function assumes that covariates act multiplicatively on

the baseline hazard and is defined as (see Bhat, 1996a)
A(t) = Jo(t)exp (=X + w), (2)

where /g is the baseline hazard function, X the covariate vector, f§ the vector of parameters to be
estimated and w represents differences between individuals (unobserved heterogeneity). In the
estimation of Eq. (2), it is necessary to specify a distribution for the baseline hazard function and
the unobserved heterogeneity.

Parametric or nonparametric distributions may be used for the estimation of baseline duration
distributions and the distribution of the unobserved differences between individuals. Most authors
have used the parametric hazard-based approach for the modeling of activity duration. For in-
stance, Paselk and Mannering (1994) modeled the delay of vehicles crossing the US and Canadian
border in Washington. The authors point out that the most commonly used parametric distri-
butions for the baseline hazard are the Weibull, exponential, lognormal and log-logistic and found
that the log-logistic distribution best modeled the delay duration, although heterogeneity was not
taken into account.

Other authors have taken a nonparametric approach to the problem. Most notably are Cox
(1972) and Han and Hausman (1990). Cox uses a partial maximum likelihood approach, which is
unable to easily account for unobserved heterogeneity and interval-level data. As noted by other
authors (Kalbfleisch and Prentice, 1980; Bhat, 1996a), this approach is tedious in the presence of
tied data. However, Mannering et al. (1994) have used the Cox approach for the modeling of
home-stay duration. The Han and Hausman (1990) approach simultancously estimates covariate
effects and the parameters of the baseline hazard while accommodating tied data and unobserved
heterogeneity. Bhat (1996a) has modeled the after-work shopping activity of individuals. His
work entailed nonparametric estimation of both the baseline hazard and unobserved heteroge-
neity and concluded that in any case, a nonparametric specification of both distributions works
best.

The objective of this work is to present experiments with a nonparametric approach for
modeling activity duration that accounts for covariate effects by using a cross-classification al-
ternative to the regression model of Eq. (2). The technique allows us to inspect differences between
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individuals by viewing the distinct shapes of nonparametric duration density functions. Although
the density function, cumulative distribution function and the hazard function may be used in-
terchangeably, the density function may reveal such features as bimodality in the activity dura-
tions that may be obscured when using the cumulative distribution or hazard functions. The
density approximations are obtained using kernel estimates that reveal interesting behavioral
relationships in a more elegant and parsimonious fashion than econometric techniques in the
current literature. The authors are unaware of the application of kernel density estimates by re-
searchers in the modeling of activity duration; however, kernel applications abound in the eco-
nomics literature (see for example Bell and Pitt, 1998; Pritsker, 1998). It should be noted that the
method illustrated here is not (as of yet) offered as an alternative modeling technique. Rather, it is
used as a ““pattern recognition” tool during the initial stages of data analysis. For example, the
tool can be used to detect cross-sectional differences in time allocation. In addition, it can be used
to study longitudinal differences when individuals move from one lifecycle stage to another while
at the same time recognizing heterogeneity explicitly as shown later in the paper.

3. Overview of density estimation

Let X denote a continuous random variable and X;, i =1,2,...,n, denote n independent,
identically distributed observations of X. Denote by f, the pdf for X. Density estimation is the
attempt to either parametrically or nonparametrically approximate the pdf for X. In parametric
density estimation, the focus is on fitting a theoretical probability distribution to the collected
data. This approach requires the analyst to determine the appropriate theoretical distribution and
its corresponding parameters. Nonparametric density estimation seeks to allow the data to stand
on its own by using alternative methods to determine the form of the density function. The two
major nonparametric approaches are the well-known histogram density estimator and kernel
density estimator (KDE).

In his discussion of the use of parametric baseline hazard functions, Bhat (1996a) points out
that there is often little theoretical justification for using any particular parametric distribution.
Furthermore, certain distribution features, such as bimodality often cannot be modeled by a
theoretical distribution; thus, the case for nonparametric density estimation is strengthened. In the
following section, we review the well-known KDE, which requires specification of a single
smoothing parameter that may be automatically calculated.

3.1. The kernel density estimator

This review of kernel estimators follows from Silverman (1986). The KDE is a completely
nonparametric approach for estimating the density function of a continuous random variable and
is best explained by first introducing a naive estimator. Given a sample of »n independent, iden-
tically distributed observations from a continuous, univariate distribution, X, ...,.X,, the pdf for
the random variable, X may be defined as

1) :limPr{x—h<X<x+h}

h—0 2h (3)
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Thus, an approximation for the density function given above may be obtained by allowing / to be
very small and using the relative frequency definition for the numerator, yielding

f(x) = N‘C(Zhn)_lv (4)

where N, is the number of observations falling in the interval (x — A,x + 4|. It is seen that if an
arbitrary observation, X; is within A-units of the fixed point of interest, x, then the observation
adds an influence of (24n)~! to the density estimate at x. In general, let

i) = {8.5 u| <1, 5)

otherwise.

Now, if an observation, X; is within the /-radius of x, then the influence of such an observation is
given by

(57) (©)

It is seen that if an observation contributes to the density estimate at x, then the estimator
centers a box of width 2/ and height (2hn)~' over the observation. Now by summing the “in-
fluence” of each observation, the naive density estimate at x is given by

70 = (57 )

Now replace the weight function of Eq. (7) with a different function, which places a kernel at
each observation, rather than boxes. Such a function is referred to as the kernel function, K, thus
defining the kernel estimate as

CEC ®)

Here, K is usually (but not necessarily) a symmetric pdf itself, being positive valued and inte-
grating to unity on the real line. The shape of the kernel function dictates the shape of each kernel
mass while the bandwidth /4 determines its width. As the bandwidth tends to zero, spurious details
appear in the distribution. On the other hand, as the bandwidth increases, the density estimate
becomes smoother and less sensitive to the curvature of the true density.

In contrast to the histogram estimator which requires specification of the origin and bin width,
the kernel density estimate requires only specification of the bandwidth, #. However, 4 may be
chosen as a function of the kernel function, K, and the number of observations in the data sample.
In the following sections, we discuss selection of the appropriate kernel function and bandwidth
for kernel density estimation.

3.2. Selection of kernel function and bandwidth

The kernel function is generally a unimodal, symmetric pdf, such as the Gaussian kernel
function. It is obvious by the definition equation (8) that if K is a pdf, then so too is /. Silverman
(1986) states that the choice of kernel function is not as significant a choice as the selection of the
bandwidth. Thus, the choice of kernel function may be based upon other considerations such as
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computational effort and desired mathematical properties (e.g., differentiability). We use the
Gaussian kernel because it is a unimodal, symmetric density and allows for automatic bandwidth
selection. Due to the importance of appropriate bandwidth selection, we shall next focus on this
aspect of kernel density estimation and its relation to the sample size, n.

Intuitively, one is interested in selecting a smoothing parameter that is optimal in some sense.
Hence, it is natural to think in terms of minimizing some measure of discrepancy between the
estimated density function and its true form. The most widely accepted global measure of dis-
crepancy was first proposed by Rosenblatt (1956) in which he defined the mean integrated squared
error (MISE) as

. o 2
MISE() £ [ {7() - ()} ar ©)
where f'is the unknown true density. With some simplification, Eq. (9) decomposes into the sum of
the integrated variance and integrated bias terms. Assuming that K is a symmetric density with
zero mean and nonzero variance, approximate expressions for the variance and bias may be
obtained (see Silverman, 1986). Interestingly, the bias does not directly depend on the sample size
(n) but does depend on the bandwidth (%), which is proportional to n~'/°. The optimal smoothing
parameter for minimizing the approximate MISE is obtained by choosing the appropriate K
subject to certain conditions. Consequently, the Epanechnikov kernel (Epanechnikov, 1969) is the
function that minimizes the approximate MISE, and thus, all efficiencies of symmetric kernels are
reported with respect to the Epanechnikov. Silverman (1986, p. 43) gives the efficiencies of some
commonly used kernels. In this work, the Gaussian kernel (with efficiency 0.9512) was used and is
given by

Ko(t) = 2n) Pexp{—£/2}, —co0<i< 0 (10)
and its optimal smoothing parameter may be computed directly by
hopt = 0.9min{s, interquartile range/1.34}n~'/%, (11)

where ¢ may be approximated with the sample standard deviation. Silverman (1986) states that
this value works well for a wide range of univariate distributions, including those with a bimodal
structure, making it suitable for our application to activity duration distributions. Furthermore,
the author demonstrates through simulation that for » = 100, skewness or bimodality will be
revealed using the smoothing parameter of Eq. (11). One drawback of the kernel estimator is its
tendency to show spurious noise in long-tailed distributions. This is due to the fact that a fixed
smoothing parameter is used over the range of the data. However, by employing adaptive kernel
methods, which vary the smoothing parameter over the range of the data, this problem can be
alleviated.

4. Model of activity duration
Consider a general setting in which we assume that duration data (i.e., time expenditure in a

particular activity) are available for various daily activities of individuals. Furthermore, we as-
sume that the data are segmented into a finite number of disjoint sets representing various lifecycle
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stages. It is well known that lifecycle stages influence travel behavior. In addition, when studying
the dynamics of travel behavior, lifecycle stage and transitions from one stage to another may
capture a significant portion of behavioral variation over time.

Let I denote the finite set of daily activities in which individuals participate and J denote the
finite set of lifecycle groups. In this preliminary work, the strong assumption of independence
between different activities in 7 will be employed. However, Bhat (1996b) presents a competing
risk hazard model that allows for dependence when heterogeneity is included. Define 7;; as the
continuous random variable denoting the amount of time individuals in the group j € J spend
participating in activity i € /. We seek to estimate the probability distribution of 7;;. Denote by ﬁj,
the kernel density estimate of the true pdf for 7;;. The density estimate is given by

. 1 i f— T[‘k
(f) = K| — 12
fild) nijh,-j; < hi; >7 12)
where n;; 1s the number of independent, identically distributed observations for 7;;, A;; the optimal
smoothing parameter obtained by Eq. (11) and T is the kth duration observation for an indi-
vidual in group j participating in activity i.

Although activity duration times are naturally continuous random variables, we choose to
estimate their distributions by discrete approximations. The rationale for doing so is as follows.
The primary objective of density estimation in this work is the visualization and exploration of the
data. Hence, practical considerations require estimation of the density over a finite grid of points
to achieve this visualization. Since most activity duration times in our study are reported in
multiples of 5 min, it seems intuitive to approximate the density on such a grid. These 5-min
tendencies in the reported data were also observed by Bhat (1996a) in shopping activity duration
data. Let O;; = {t:t = 5k, k=0,1,..., M} be a finite support for the distribution of 7;;, where M
is a positive integer chosen large enough so as to contain the sample space of the random variable.
Using the kernel density estimates by Eq. (12), a probability mass may be calculated for each
t € Q;;. Let p;(f) denote the probability mass at ¢ given by

pilt) =Pr{T; = 1} = 67" £,(0), (13)

where 6 =3, f;j(t) normalizes the density so that the masses sum to unity over the finite
support. In essence, Eq. (13) constructs a histogram estimator of the duration times in which each
cell width is equal to zero. Jones (1989) demonstrates that even when the kernel estimate is dis-
cretized, the appropriate optimal smoothing parameter is still proportional to n~'/3. Thus, the
effect of discretization is minimal when we use the appropriate smoothing parameter. As men-
tioned above, the Gaussian kernel given by Eq. (10) is used throughout this work because it is a
unimodal, symmetric distribution, which allows for automatic selection of the smoothing pa-
rameter.

5. Data and empirical results

Data used in this study for the purpose of evaluating the nonparametric approach originated
from the Puget Sound Transportation Panel (Goulias and Ma, 1996). This database is comprised
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of results of a survey conducted in the Seattle metropolitan area in the fall of 1989. The data
consist of five waves with each wave containing a two-day travel survey. Each survey contains
information regarding household and person demographics and socio-economic characteristics,
reported travel behavior, and level of service offered by the transportation system. For each in-
dividual in this wave, variables were created for subsistence, maintenance, leisure (in-home),
leisure (out-of-home), home-stay and travel duration in minutes (see definitions in Section 5.1).
Participants in the first wave (year) of the panel that continued for at least three additional waves
(1621 individuals) were used. In the first stage of testing, the data from all lifecycle groups for
each day were aggregated and day-to-day variation for each activity type was examined. In the
second stage, the data were partitioned into 10 lifecycle groups to investigate a few covariate
effects.

The rationale for using the lifecycle as an explanatory factor of travel behavior is as follows.
Individuals in households of different composition (in terms of number of adults and children,
their age and gender composition, and their labor force participation status) are expected to
behave differently (Jones et al., 1983). Moreover, as households and their members move from one
lifecycle stage to another (e.g., from a two-adult household to a two-adult and a child), they are
subject to noticeable changes in their time allocation and travel behavior. Detecting and under-
standing these changes are of paramount importance for longitudinal analysis (Kitamura and
Kostyniuk, 1986; Goodwin, 1997; van Beek et al., 1997), and key to realistic social and demo-
graphic microsimulation models for travel demand forecasting (Goulias, 1992; Chung, 1997,
Goulias and Kitamura, 1997).

However, due to societal changes, the definition of lifecycle stages may need to constantly be
updated. For example, older stage definitions, such as nuclear family, single adult and surviving
senior member, may be less capable of differentiating behavior. To accommodate and incorporate
recent social trends, these definitions of lifecycle stages have been modified as in Chicoine and
Boyle (1984) and Kostyniuk et al. (1989), emphasizing the single-adult household. Lifecycle stages
in past studies have been defined ad-hoc based on social theories and trends, study objectives, and
data availability (Zimmerman, 1982; Kostyniuk and Kitamura, 1982; McDonald and Stopher,
1983; Kitamura and Kostyniuk, 1986; Kostyniuk et al., 1989; Goulias, 1992; Vadarevu and
Stopher, 1996; Stopher and Metcalf, 1999). In a few studies, statistical techniques have also been
used to derive lifecycle stages (e.g., Chung, 1997; Marker, 2000). The findings in these past studies,
with a few pragmatic considerations, are the basis for our lifecycle stage sample segmentation
herein.

The following key considerations motivate our definition of the lifecycle stages used in this
paper: (a) within each stage, the age distribution in the household captures differences in the
propensity to participate in activities and travel; (b) gender is (still) a fundamental parameter of
differentiation across different task and time allocations in households; (c) the presence of children
and their age distribution within a household are fundamental motivators for differences in time
allocation across household members; (d) transition out of the labor force is a fundamental factor
in explaining differences in time allocation; and (e) the kernel estimator used here requires ap-
proximately 40-50 observations in each segment.

Table 1 shows the variables and grouping included in the study in addition to the number of
individuals (n) in each group. Note that in this way, we account for differences in gender, age, and
presence of children in the household.
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Table 1
Summary of data segmentation
Group no. Life-cycle stage n
1 Male parent of young child (<6 yr) 132
2 Female parent of young child (<6 yr) 136
3 Male parent of older child (6-17 yr) 154
4 Female parent of older child (6-17 yr) 178
5 Single male (all age groups) 45
6 Single female (all age groups) 102
7 Male, double income, no children (18-64 yr) 302
8 Female, double income, no children (18-64 yr) 323
9 Senior male (65 yr or older) 118
10 Senior female (65 yr or older) 131

Segmentation of the data into 10 mutually exclusive and exhaustive groups allows for a pair-
wise comparison of the estimated duration densities by means of goodness-of-fit tests. The
availability of a probability distribution for each of the groups provides a glimpse of the “big
picture”. That is, the distribution contains much more information about the behavior of the
groups than summary statistics alone (e.g., mean, variance, kurtosis, etc.). In addition to the
qualitative assessment of covariate effects and heterogeneity attained through the shape of
the distributions, the goodness-of-fit test provides a quantitative measure to confirm (or refute)
differences between the groups.

The Kolmogorov—-Smirnov (KS) two-sample test is used to determine if two independent
samples have been drawn from the same population. A discussion of the KS two-sample test can
be found in any good text on nonparametric statistics; this discussion follows from Conover
(1980). When the two-tailed test is employed, it is sensitive to any differences between the dis-
tributions and the populations from which they originated. Furthermore, the test is exact when
the random variables considered are continuous. Let F and G be the true distribution functions
for two samples. The KS two-sample test performs the hypothesis test (see Conover, 1980)

Hy:F(x) =G(x) —oo<x< o0,

14

H, : F(x) # G(x) for at least one x on the real line. (14)
The two-tailed test statistic for the KS test is given by

T = supo|Si(x) = Sa2(x)l, (15)

where S;(x) and S,(x) are the empirical distribution functions for the two independent samples
and Q is the set of points at which the distribution functions are evaluated. This is a natural
measure of the difference in “vertical” distance between the two distribution functions. The de-
cision rule is to reject the null hypothesis at the a level of significance if 7 exceeds the 1 — «
quantile of the distribution. If the number of observations for both samples is fixed at n, then the
critical value at the 0.05 level for large samples sizes (n > 40) is given by

192

T*
NG

(16)
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Thus, if the KS test is not significant, then the two samples are assumed to originate from the same
population. That is, we expect the two groups under consideration to exhibit the same behavior in
terms of daily time of participation in a particular activity.

5.1. Model with no covariate effects (aggregate data)

Initially, the data were not segmented and the nonparametric approach of Section 4 was used to
test for the day-to-day variation for each of the six activity duration variables: subsistence,
maintenance, leisure (in-home), leisure (out-of-home), home-stay, and travel. Activity engagement
information, and the daily activity participation indicators used here, have been extracted from
the travel diary. To make the analysis tractable, the original out-of-home activity types, equiv-
alent to trip purposes, are aggregated into subsistence (work, college, school), maintenance
(shopping, appointment, personal), out-of-home leisure (visiting, free time), and the activities at-
home are divided into those that are for leisure (in-home leisure) and those for all other activities
(home-stay). Travel is the total time spent traveling for any reason during a day.

Table 2 gives the KS two-sample test statistic (7) and the corresponding critical value (T%*).

Fig. 1 shows a comparison of the distributions for subsistence duration on two consecutive
weekdays (the mean duration for subsistence activity 279.27 min in day 1 and 272.53 min in
day 2). Throughout this work, distribution functions were compared at 186 points

Table 2

Summary of day-to-day variation®
Activity T T*
Subsistence 0.0143 0.1408
Maintenance 0.0245 0.1408
Leisure (in-home) 0.0127 0.1408
Leisure (out-of-home) 0.0070 0.1408
Home-stay 0.0070 0.1408
Travel 0.0216 0.1408

#Note: All tests performed at the 0.05 level with n = 186.

0.0035 0.0035
0.0030 Day 1 0.0030 Day 2
£ 0.0025 - £ 0.0025 +
£ £
2 0.0020 + Z 0.0020 +
v L
2 00015 + 2 0.0015 4+
S 0.0010 4 S 0.0010 +
a a
0.0005 4+ 0.0005 +
0.0000 + t t t + t 0.0000 t + + t + t
0 150 300 450 600 750 900 1050 0 150 300 450 600 750 900 1050
Subsistence duration (min) Subsistence duration (min)

Fig. 1. Day-to-day variation in aggregate data for subsistence duration.
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(t=0,5,10,...,925) for which the true distribution is approximated. It is seen that for all cases,
there is no statistically significant difference in the time individuals spent participating in a par-
ticular activity from one weekday to the next when the data are not separated by lifecycle group.
This agrees with past analyses (Ma and Goulias, 1997) in which time homogeneity was shown by
tests applied to aggregates of people, reconfirming that data aggregation leads to apparent ho-
mogeneity. The day-to-day tests presented later will provide a clearer picture regarding this ap-
parent “stability” in travel behavior over time.

5.2. Model with covariate effects (segmentation)

The second stage of experimentation involved segmentation of the 1621 observations into 10
distinct lifecycle stages. This segmentation allows us to investigate the effect of a few covariates
such as gender, age, marital status and the presence and age of children in the household. Within
an activity on a given day, distributions were compared pairwise to determine if significant dif-
ferences exist between groups. Tables 3-8 (included in Appendix A) summarize these results for
each of the activities and each of the two days in the first wave of the data. In each of these tables,
the entry gives the calculated KS test statistic when testing the hypothesis (at the 0.05 level) that
the distribution of individuals in the row group is equal to the distribution of individuals in the
column group for a given activity and day. Key observations in these tables are as follows:

(a) Senior males and females: As expected, senior males and females have significantly different
subsistence activity distributions than all other groups in both days. This is clearly due to their
exit from the labor force. It is also interesting to note the significant difference in subsistence
activity between males and females, a difference is observed in maintenance activity as well.
However, as we move to other activity types, differences with other lifecycle groups begin to
disappear. This is particularly evident in travel time duration in which senior females have iden-
tical distributions with other groups of people and senior males have different distributions in
the second day only.
(b) Parents of young children: Male and female parents of young children have different subsis-
tence, maintenance, out-of-home leisure and in-home leisure durations. This may be an indica-
tion of a clear task allocation in which females rear the children while males pursue other
activities. Females in this group have significantly different activity durations from all other
groups except female parents of older children for maintenance and in-home leisure. Males
of young children are not significantly different than their counterpart male parents of older
children.

(c) Parents of older children: As mentioned above, the behavior of male parents of older chil-

dren is similar to that of male parents of young children; however, we also find this behavior

similar to that of single males. Female parents of older children are significantly different than
their male counterparts.

(d) Persons in double income household: Lack of children in the household and the presence of

two working persons indicate practically indistinguishable activity distributions for males and

females.

(e) Single persons: In many comparisons, single persons have duration distributions similar to

the “double income no children” group. However, within this group, males and females differ

in their subsistence, out-of-home leisure, and home-stay duration during the second day.



Table 3

KS test statistic for subsistence duration in days 1 and 2*

Male Female Male Female  Single Single Male, Female, Senior  Senior
parent of parent of parent parent male female double double male female
young young of older of older income, no  income, no
child child child child children children
Subsistence duration (day 1)
Male parent of young child - 0.4887 0.0704 0.2998 0.1209 0.3003 0.1128 0.2169 0.7570  0.6422
Female parent of young - - 0.4639 0.2674 0.3821 0.2048 0.3768 0.2902 0.3937  0.2242
child
Male parent of older child - - - 0.2582 0.0885 0.2706 0.0884 0.1864 0.7287  0.6143
Female parent of older - - - - 0.1881 0.0643 0.2050 0.0906 0.5964  0.4640
child
Single male - - - - - 0.1823 0.0248 0.1029 0.6838  0.5603
Single female - - - - - - 0.1903 0.0854 0.5575 0.4106
Male, double income, no - - - - - - - 0.1145 0.6613  0.5450
children
Female, double income, no  — - - - - - - 0.5928  0.4700
children
Senior male - - - - - - - - 0.1890
Senior female - - - - - - - - -
Subsistence duration (day 2)
Male parent of young child - 0.5000 0.0878 0.3176 0.1210 0.2891 0.1374 0.259 0.7093  0.6360
Female parent of young - - 0.4686 0.2405 0.4270 0.2206 0.3752 0.2746 0.3660  0.2283
child
Male parent of older child - - - 0.2579 0.0516 0.2483 0.0938 0.1996 0.6965  0.6138
Female parent of older - - - - 0.2068 0.0532 0.1822 0.0628 0.5634  0.4494
child
Single male - - - - - 0.2091 0.0549 0.1527 0.6795  0.5838
Single female - - - - - - 0.1551 0.0621 0.5348  0.4146
Male, double income, - - - - - - - 0.1213 0.6255  0.5291
no children
Female, double income, — - - — — - — — 0.5510 0.4473
no children
Senior male - - - - - - - -

Senior female

4 Note: All tests performed at the 0.05 level with n = 186, critical value = 0.1408.
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Table 4

KS test statistic for maintenance duration in days 1 and 2*

Male Female Male Female  Single Single Male, Female, Senior  Senior
parent parent parent parent male female double double male female
of young of young of older of older income, no income, no
child child child child children children
Maintenance duration (day 1)
Male parent of young child - 0.3963 0.0818 0.3172 0.1391 0.3967 0.1061 0.2113 0.4167  0.4269
Female parent of young - - 0.3340 0.0938 0.3011 0.0528 0.2960 0.2066 0.0442  0.0655
child
Male parent of older child - - - 0.2507 0.0627 0.3350 0.0392 0.1378 0.3545  0.3672
Female parent of older child - - - - 0.2130 0.1119 0.2160 0.1167 0.1172  0.1371
Single male - - - - - 0.3038 0.0832 0.0964 0.3230  0.3360
Single female - - - - - 0.2964 0.2123 0.0286  0.0333
Male, double income, no - - - - - - - 0.1078 0.3164 0.2380
children
Female, double income, no - - - - - - - - 0.2295 0.2456
children
Senior male - - - - - - - - - 0.0304
Senior female - - - - - - - - - -
Maintenance duration (day 2)
Male parent of young child — 0.3695 0.0386 0.29693  0.1205 0.2806 0.0420 0.1333 0.3265 0.1874
Female parent of young - - 0.3421 0.0793 0.4588 0.0990 0.3281 0.2773 0.0495 0.2011
child
Male parent of older child - - - 0.2719 0.1577 0.2528 0.0417 0.1054 0.2991  0.1595
Female parent of older child - - - - 0.3796 0.0429 0.2579 0.1721 0.0563  0.1229
Single male - - - - - 0.3612 0.1578 0.2250 0.4093  0.2631
Single female - - - - - - 0.2386 0.1523 0.0501  0.1024
Male, double income, — — - - — - - 0.0917 0.2851 0.1454
no children
Female, double income, — — — — — - — — 0.2006 0.0541
no children
Senior male - - - - - - - - -

Senior female

#Note: All tests performed at the 0.05 level with n = 186, critical value =0.1408.
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Table 5
KS test statistic for leisure (in-home) duration in days 1 and 2*
Male Female Male Female  Single Single Male, Female, Senior  Senior
parent parent parent parent male female double double male female
of young of young of older of older income, no  income, No
child child child child children children
Leisure (in-home) (day 1)
Male parent of young child - 0.2331 0.1143 0.2105 0.1343 0.0457 0.0720 0.0251 0.1760  0.1471
Female parent of young - - 0.1934 0.0567 0.1231 0.2375 0.1836 0.2111 0.0603  0.1209
child
Male parent of older child - - - 0.1396 0.0795 0.1145 0.0773 0.0938 0.1682  0.1530
Female parent of older child - - - - 0.0934 0.2078 0.1582 0.1892 0.0375  0.0919
Single male - - - - - 0.1351 0.0813 0.1140 0.1301 0.1140
Single female - - - - - - 0.1116 0.0563 0.2032  0.1864
Male, double income, no - - - - - - - 0.0591 0.1241  0.0766
children
Female, double income, no — - — - — — — - 0.1547 0.1340
children
Senior male - - - - - - - - - 0.0607
Senior female - - - - - - - - - -
Leisure (in-home) (day 2)
Male parent of young child - 0.1540 0.0605 0.0821 0.0737 0.1519 0.1020 0.0590 0.0452  0.1565
Female parent of young - - 02101 0.1210 0.2109 0.2771 0.2272 0.2006 0.1796  0.2813
child
Male parent of older child - - - 0.0988 0.0453 0.1431 0.0934 0.0497 0.1000  0.1479
Female parent of older child — - - - 0.1172 0.2325 0.1788 0.1345 0.1269  0.2346
Single male - - - - - 0.1352 0.0904 0.0478 0.0862  0.1445
Single female - - - - - - 0.0549 0.1003 0.1069 0.0518
Male, double income, no - - — - - — — 0.0519 0.0650  0.0580
children
Female, double income, no - - - - - - - - 0.0824 0.1054
children
Senior male - - - - - - - - -

Senior female

4 Note: All tests performed at the 0.05 level with n = 186, critical value = 0.1408.
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Table 6
KS test statistic for leisure (out-of-home) duration in days 1 and 2?*

Male Female Male Female  Single Single Male, Female, Senior  Senior
parent parent parent parent male female double double male female
of young of young of older of older income, no  income, no
child child child child children children
Leisure (out-of-home) (day 1)
Male parent of young child - 0.1419 0.1127 0.2129 0.1850 0.0936 0.1335 0.1479 0.2620  0.1850
Female parent of young - 0.0667 0.0760 0.1040 0.1716 0.0616 0.0426 0.1617  0.1293
child
Male parent of older child - - - 0.1175 0.1506 0.1424 0.0832 0.0901 0.2106  0.1807
Female parent of older child - - - 0.0795 0.2426 0.1375 0.0894 0.0935  0.0942
Single male - - - - - 0.2066 0.0747 0.0915 0.1069  0.0328
Single female - - - - - - 0.1120 0.1585 0.2942  0.2147
Male, double income, no - - - - - - 0.0481 0.1891  0.1071
children
Female, double income, no - - - - - - - 0.1410  0.1127
children
Senior male - - - - - - - - - 0.0868

Senior female

Leisure (out-of-home) (day 2)

Male parent of young child - 0.2617 0.0666 0.0853 0.1253 0.0647 0.0808 0.1912 0.1797 0.1852
Female parent of young - 0.2139 0.1829 0.1514 0.3043 0.1812 0.0794 0.0940  0.0920
child

Male parent of older child - — - 0.0451 0.1163 0.1120 0.1057 0.1700 0.1240  0.1268
Female parent of older child - - - 0.0807 0.1297 0.0678 0.1322 0.0973  0.1027
Single male - - - - 0.1695 0.0601 0.0719 0.0767 0.0748
Single female - — - - - - 0.1251 0.2355 0.2240  0.2295
Male, double income, no - - — - - - 0.1104 0.0990 0.1044
children

Female, double income, no - - — — — — — — 0.0642  0.0589
children

Senior male

- - - - - - - - 0.0244
Senior female - - - - - - _ _ _ _
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#Note: All tests performed at the 0.05 level with n = 186, critical value = 0.1408.
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Table 7
KS test statistic for home-stay duration in days 1 and 22
Male Female Male Female  Single Single Male, Female, Senior  Senior
parent parent parent parent male female double double male female
of young of young of older of older income, no income, no
child child child child children children
Home-stay duration (day 1)
Male parent of young child - 0.3254 0.1081 0.2189 0.0551 0.0722 0.0860 0.1646 0.0846  0.1342
Female parent of young - - 0.2311 0.1501 0.3112 0.3729 0.3695 0.4218 0.2544 0.4101
child
Male parent of older child - - - 0.1151 0.0883 0.1766 0.1847 0.2581 0.0591  0.2329
Female parent of older child - - - - 0.2021 0.2790 0.2824 0.3448 0.1401  0.3281
Single male - - - - - 0.0973 0.1110 0.1876 0.0887  0.1592
Single female - - - - - - 0.0796 0.0985 0.1545  0.1020
Male, double income, no - - - - - - - 0.0801 0.1654  0.0482
children
Female, double income, no - - - - - - - - 0.2389  0.0740
children
Senior male - - - - - - - - - 0.2136
Senior female - - - - - - - - - -
Home-stay duration (day 2)
Male parent of young child - 0.1968 0.0603 0.1557 0.1462 0.3382 0.2115 0.2242 0.1581 0.1724
Female parent of young - - 0.1787 0.1384 0.3096 0.4729 0.3711 0.3814 0.3431  0.3503
child
Male parent of older child - - - 0.1018 0.1652 0.3847 0.2635 0.2763 0.2184 0.2019
Female parent of older child — - - - 0.2027 0.4509 0.3419 0.3539 0.3065 0.2988
Single male - - - - - 0.3701 0.2490 0.2617 0.2016  0.1683
Single female - - - - - - 0.1417 0.1302 0.2137  0.3020
Male, double income, no - - - - - - - 0.0363 0.0896 0.1614
children
Female, double income, no - - - - - - - - 0.1228 0.1741
children
Senior male - - - - - - - - -

Senior female

#Note: All tests performed at the 0.05 level with n = 186, critical value = 0.1408.
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Table 8

KS test statistic for travel duration in days 1 and 2*

Male Female Male Female  Single Single Male, Female, Senior  Senior
parent parent parent parent male female double double male female
of young of young of older of older income, income, no
child child child child no children  children
Travel duration (day 1)
Male parent of young child  — 0.0851 0.0841 0.0714 0.1332 0.1170 0.0221 0.1105 0.1447  0.1355
Female parent of young - - 0.1074 0.0479 0.0725 0.0458 0.0808 0.0349 0.0803  0.0791
child
Male parent of older child - - - 0.0715 0.1688 0.1163 0.0669 0.1231 0.1402  0.1311
Female parent of older child — - - - 0.1189 0.0481 0.0533 0.0713 0.0844  0.0859
Single male - - - - - 0.0807 0.1410 0.0607 0.1081 0.1111
Single female - - - - - - 0.0981 0.0301 0.0392  0.0423
Male, double income, no - - - - - - - 0.0991 0.1253  0.1224
children
Female, double income, no - - - - - - - - 0.0486 0.0515
children
Senior male - - - - - - - - - 0.0300
Senior female - - - - - - - - - -
Travel duration (day 2)
Male parent of young child - 0.1085 0.0323 0.0620 0.1115 0.1193 0.0472 0.1098 0.1531 0.2854
Female parent of young - - 0.1354 0.0497 0.0324 0.0705 0.0799 0.0161 0.0762  0.1927
child
Male parent of older child - - - 0.0857 0.1342 0.1212 0.0786 0.1327 0.1592  0.2944
Female parent of older child — - - - 0.0501 0.0736 0.0397 0.0479 0.1051  0.2283
Single male - - - - - 0.0496 0.0852 0.0225 0.0732  0.1881
Single female - - - - - - 0.0869 0.0547 0.0910 0.1826
Male, double income, no - — - — — - - 0.0868 0.1410  0.2677
children
Female, double income, no - - - - - - - - 0.0612 0.1817
children
Senior male - - - - - - - - - 0.1375

Senior female

#Note: All tests performed at the 0.05 level with n = 186, critical value =0.1408.
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Although the presence of children in the household has a major impact on female activity
distributions, this factor does not affect the counterpart male activity distributions. In addition,
large sample variation across groups is due to females who have different activity densities across
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Fig. 2. Sample subsistence density estimates for various groups.
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lifecycle stages. Males have similar behavior across lifecycle stages until they become seniors and
become inactive. However, these are differences and similarities across groups of people at a given
point in time. Evidence on evolutionary aspects (change of behavior moving from lifecycle stage
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Table 9
KS test statistic for day-to-day variation by activity type*
Subsis- Mainte- Leisure Leisure Home- Travel
tence nance (in-home)  (out-of- stay
home)
Male parent of young child 0.0262 0.0803 0.1209 0.0668 0.1132 0.0693
Female parent of young child 0.0212 0.0352 0.0702 0.1319 0.0393 0.0544
Male parent of older child 0.0121 0.0484 0.0599 0.0668 0.0866 0.0483
Female parent of older child 0.0302 0.0625 0.0211 0.1268 0.0552 0.0362
Single male 0.0360 0.1631 0.0639 0.1336 0.1386 0.0919
Single female 0.0279 0.0763 0.1114 0.0692 0.1899 0.0507
Male, double income, no children 0.0194 0.0246 0.0417 0.0282 0.0567 0.0325
Female, double income, no children  0.0271 0.0271 0.0456 0.0960 0.0389 0.0409
Senior male 0.0361 0.0615 0.1077 0.1372 0.1329 0.0299
Senior female 0.0154 0.2061 0.1590 0.0802 0.1835 0.1365

#Note: All tests performed at the 0.05 level, n = 186, critical value =0.1408.

to lifecycle stage) needs to be confirmed by analyzing subsequent panel waves. Figs. 2 and 3
provide sample pdfs generated by the kernel method for subsistence and maintenance duration,
respectively.

Finally, day-to-day variation within groups was analyzed for each activity in order to discern if
the aggregate results hold up when we consider individual groups. Table 9 gives a summary of all
results.

Surprisingly, given the substantial day-to-day variation in activity and travel behavior observed
in previous analyses (Ma and Goulias, 1997) using different behavioral indicators, Table 9 shows
very little change in the activity distributions from one weekday to the next. All activity types for
all groups, with the exception of single males and senior females maintenance, single females and
senior females for home-stay, and senior females for in-home leisure, are statistically the same
between the two days. Using similar behavioral variables with lifecycle definitions derived using a
statistical method, Marker (2000) reaches conclusions similar to those in this paper. Recalling that
the method used here does not impose any strong assumptions on the data structure, we are
tempted to believe that past indications may be partially due to model construction, inadequate
treatment of heterogeneity, and differences in the behavioral variables used. However, a more
comprehensive and comparative study using the kernel technique should be conducted. This can
be accomplished in many ways. For example, one can repeat the analysis for the remaining waves
of the panel to verify if individuals, as they move from one stage to another, change their time
allocation significantly. In addition, one can also extend the method to other behavioral indicators
and perform comparisons with other studies (e.g., activity and travel counts of episodes as in Ma
and Goulias, 1999).

6. Conclusions and future research

This paper presents experiments using a nonparametric pattern recognition tool for the
purpose of investigating covariate effects and heterogeneity. The technique utilizes a kernel
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estimate of the pdf of various activity durations and allows for statistical comparison of dis-
tribution functions to evaluate differences between groups of individuals. Within this frame-
work, it is not necessary to make restrictive assumptions about the distribution of activity
duration; nor is it necessary to assume a particular mathematical relationship between covariates
and the dependent variable (duration). Moreover, the kernel method is unaffected by potential
bimodality in distributions, offering another option when estimating baseline hazards. The
kernel technique was tested on six activity durations using the first wave of a panel survey and
contributes insight into behavioral relationships that is unavailable with the use of summary
statistics alone.

The empirical analysis demonstrates the potential for using this technique as an alternative to
regression models, as several behaviorally interesting results are obtained. First, the data indicate
a statistically significant difference between senior males and females and all other groups for
subsistence and maintenance activities. This finding is clearly due to their exit from the labor
force. Second, significant differences in most activity distributions are noted between males and
females when they are the parents of young children. Third, the data indicate the presence of
children in the household having a major impact on female activity distributions, while males
appear to be unaffected by the presence of children. Fourth, large variation across groups is seen
between female groups while males have similar behavior across lifecycle groups until they be-
come seniors. In spite of these substantial cross-sectional differences across groups, all activity
types for all groups (with the exception of a few cases) are remarkably similar between the two
days analyzed. These results, however, need to be verified exploring other travel behavior indi-
cators and the remaining waves of the panel. The technique illustrated here cannot be considered
a viable alternative to proportional hazard-based duration models until further testing is complete
and a comparison with competing methods is made.

This work identifies many potential areas of future research in the method and its application to
duration modeling. First, it may be instructive to consider the use of adaptive kernel methods
when a bimodal nature is observed. If the variances of the two modes differ dramatically, a fixed
bandwidth may oversmooth the density estimate. Adaptive kernel methods vary the bandwidth
over the range of the data in an attempt to account for these differences. Second, the density
estimates presented herein can potentially be used within the framework of a proportional hazard
model, allowing for a completely distribution-free estimate of the baseline hazard and unobserved
heterogeneity distribution (see Gonzalez-Monteiga et al., 1996 for kernel-based hazard models).
The method could also be instructive in exploring dependencies between different activities by
applying the multivariate version of the kernel method. A logical extension is to next apply the
technique to different waves in the panel in order to analyze the year-to-year daily activity du-
ration evolution over time.
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Appendix A

Kolmogorov—Smirnov statistics for data segmentation experiment (Tables 3-8).
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