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ABSTRACT

Understanding travelers’ daily travel-activity pattern formation is an important issue for
activity-based travel demand analysis. The activity pattern formation concerns complex
interrelations between household members and individual’s socio-demographic
characteristics, which is in general difficult to quantify its influence. To investigate the
interrelationship between travel-activity pattern formation and related covariates, we
apply a non-homogeneous multi-state semi-Markov model to analyze the timing and
duration of daily travel and activity sequence. We consider the observed travel-activity
chains as a result of a semi-Markov process with a finite state space, i.e. the sequence of
travel-activity depends only on its adjoining states. To estimate the effect of covariates
related to individual and household characteristics, a Cox regression model is adopted in a
semi-Markov process. The statistical tests of significance suggest that the duration of
activity depends not only on its beginning time-of-day but also on the duration of
travel/activity in prior episode. Empirical estimates of state transition hazard based on
Belgian Mobility survey suggest useful insight on the relationship between the duration of
activity and related socio-demographic characteristics. 
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INTRODUCTION

The daily travel and activity patterns concern multidimensional facets encompassing
activity type, duration of activities and the location of activities, etc. The formation of a
sequence of travels and activities is general heuristical, based on individual
schedule/reschedule process given an uncertain environment. The understanding of the
complex travel-activity decision has important implications for the evaluation of transport
policy and traffic demand management. Hence, it is interesting and also important to
investigate individuals’ travel-activity chaining behavior with respect to related household
characteristics. The results of analysis can provide useful insights for travel and activity
duration estimations and also for individuals’ daily travel activity participation. 

The early studies for activity patterns have focused on descriptive analysis of
activity pattern characteristics and influence factors for its formation (1,2). The analysis
framework emphasized on the concept that travel demand is derived from the need of
activity participation. As numerous influence factors impose dynamical spatial-temporal
constraints on activity pattern formation, it is generally difficult to investigate the
relationships between these factors and the resulting travel-activity patterns. The progress
in activity-based demand analysis has developed many modeling techniques trying to
elucidate the process of activity and travel decisions. In general, these analytical
approaches can be classified into: (a) sequential approaches, which decompose
individuals’ travel-activity choices into a sequential decision-making process and apply
microsimulation techniques to entail the estimation of travel-activity patterns (see recent
review in (3); (b) simultaneous approaches, which aim to estimate simultaneously the
entire activity patterns by utilizing econometrics or mathematical programming methods
(4,5,6,7). An alternative class of modeling approaches is based on hazard models for the
empirical analysis of activity duration and sequencing (8,9,10). These studies focused
especially on the estimation of activity duration hazard function with the presence of
individual’s heterogeneity. As for the interdependency of durations between multiple
activity types, Bhat (11) proposed an outcome-specific proportional hazard model, which
generalizes the estimation of duration hazard function with multi-entrance/exit states.
Another activity hazard-based study, proposed by Srinivasan and Zhiyong (12),
encompassed the correlation of simultaneous duration process. This model utilized a
mixed distribution combining baseline hazard function with a random error term to
capture the unobserved correlation between two duration processes. This study provided
empirical evidence of dependency on the durations of trips and activities. However, the
considerations of the influence of activity sojourn time in hazard function specification
need to be further investigated. 

The time dependency effect plays an important role in the estimation of activity
duration since it reflects the transition probability after certain duration from current
activity to another. Recently, some research effort has been made to investigate the
relationship of timing and duration of activity. Pendyala and Bhat (13) applied discrete-
continuous simultaneous equation model to investigate the casual structure of activity
timing and duration. They found that the activity timing and duration are closely related
for non-commuters but loosely related for commuters. Popkowski Leszczyc and
Timmermans (14) utilize conditional and unconditional parametric competing risk models
to estimate activity duration and its relationship with socio-demographic covariates. The
estimation results showed that the activity duration depends on the type and duration of
the activity previous conducted. Parallel to the competing risk models for the estimatation
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the timing and duration of activity, Lee et al. (15) proposed a generalized multi-state
hidden Markov extension model to analyze the duration of type-specific activities.
Although the proposed model provided a flexible framework to capture the
misclassification effect of observed activities, it did not incorporate the dependency effect
of the duration of activity previous conducted. Recently, the advance in survival analysis
has developed multi-state models to capture simultaneously several entrances/exits states
over the duration process (see review in (16)). The multi-state models analyze event
history data of individuals, focusing especially on the occurrence time, duration of type-
specific events following a Markov process. The multi-state models consider event
occurrence history based on Markov-type stochastic process, i.e. step transition
probability depends only on the adjoining states. At each time instant, an individual
occupied in one state possibly transfers to another state with respect to time dependent
transition rates. In general, the multi-state model is based on the continuous-time Markov
process for which time dependency effect on transition hazard function can be analyzed
by incorporating convenient time-dependent covariates. As the activity duration depends
on its type, timing and sojourn time prior to current state, it is interesting to investigate
the influence of these factors on individual’s activity chaining behavior. Such analysis of
the duration dependency of a sequence of discrete events visited by Markov process is
generally called Markov renewal process. The reader is referred to (17,18) for more detail
descriptions and applications. 

In this study, a non-homogeneous multistate semi-Markov model is developed to
estimate the daily activity patterns by encompassing the interdependency of sequential
activity types, timing and duration. The estimation of the transition hazard provides useful
information for competing activity choices at the end of each activity. Moreover, the
transition hazard rates between different states are estimated with respect to transition-
specific time-dependent covariates. These estimated coefficients provide useful insight to
investigate the influence of individual and household characteristics on the duration of
activity.

The remainder of this paper is organized as follows. Firstly, a multi-state semi-
Markov model is proposed to analyze activity-sequencing dependency on the basis of
activity chaining. In section 2, we define the state structure of activity types and
specifying its transition hazard functions based on Cox relative risk model (19). It follows
with the hazard function specifications associated with related covariates under the
Markov renewal process. To investigate the time dependency effect of activity duration
with respect to its beginning time-of-day and the duration of prior activity conducted, the
Cox model is applied to investigate the effect of time-dependent covariates on
multiplicative activity transition hazard. The likelihood function and its parameter
estimation method are also illustrated. The summarized statistics about the frequencies of
activities conducted on a sequence of individual’s travel-activity pattern and related
socio-demographic covariates are presented in section 3. In section 4, the estimation
results of activity transition hazard function and its relationship with socio-demographic
covariates are presented. Finally, we summarized this study and discuss some future
extensions.
 
MULTI-STATE NON-HOMOGENEOUS SEMI-MARKOV MODEL

Consider a travel-activity sequence of an individual observed over a whole day for which
the types of activity, timing and duration are of interest. Assuming that the evolution of
individual’s activity states in time is resulted from a semi-Markov process with finite state
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space, representing an individual’s travels/activities, denoted as { } AtaTtta ∈∀≤≤ )(,0),( ,
with T being the ending time of a day (24 hours) and A the finite state space of one
transition, assumed uniform for all transitions and all individuals. This sequence of events
corresponding to individual’s travel/activity occurrences over a whole day is denoted as
(see Fig. 1): 

 ),( )()( nn taq = , { }Nn ,...,2,1,0∈                                                                                          (1)

where
)(na : type of the nth travel/activity, Aa n ∈∀ )(

)(nt : beginning (transition) time of the nth travel/activity, with Tttt n ≤<<<≤ )()1()0( ...0 . 
The initial state of a travel-activity chain is set as 0)0( =t , Ha =)0( , being home-based
activity H.    

The duration of the n-1th travel/activity )(nτ is defined as )1()( −− nn tt . Individuals’ occupied
state history on the process until time t is denoted as: 

{ }tssaHt ≤≤= 0),(                                                                                                          (2)

At each transition step, it represents the occurrence of a change of travel/activity type. If
the observations are based on the semi-Markov process, the transition rate from state i to
state j depends only through current state i and the sojourn time until t. We call the
sojourn time until t since entering current state τ  as renewal time. The transition rate
from state i to state j at the sojourn times τ  )(τλij  is defined:
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with τ  is the sojourn time at state i until t since the individual entered occupied state i at
time −t  and )( −ta is the state at time −t . The semi-Markov model assumes that the
duration of one event is dependent only on its adjoining states. As our interest is to
estimate type-specific activity survival functions and investigate the influence of related
covariates, the semi-parametric regression model is preferred. In the literature, Cox
proportional hazard model is very widespread for many applications. The advantage of
Cox model resides on its flexibility since it does not need to specify the underlying
survival distribution and can incorporate the covariates of interest. The incorporation of
Cox model with semi-Markov model for the model parameter estimation is generally
called modulated Markov renewal process (20,21). The one-step baseline transition
hazard is specified as function of the sojourn times τ . However, this specification of
time-dependent baseline hazard function is more complicate to estimate since Aslen’s
multiplicative intensity models cannot be applied by incorporation of the sojourn duration
(17). To capture the dependency effect of activity timing and duration and avoid the
estimation of the renewal time-dependent baseline hazard function, we include related
time-dependent covariates in the Cox model to capture the time-dependency effect.   

The Cox model with respect to transition from state i to j associated with time-
dependent covariates of individual l lX  during the process can be defined as

jiijlijijl ≠∀τ′λ=τλ ),)(exp()( ,0 βX                                                                                  (4)

where 
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ij,0λ : unspecific baseline hazard function with respect to transition (i, j), which can be   
         obtained by empirical Nelson-Aalen estimator of cumulative hazard function

)(τlX : column vector of time-dependent covariates of individual l

ijβ : column vector of transition-specific regression coefficients with respect to (i, j). 

Note that a class of models can be tested by the specification of covariates. For instance,
one can investigate the time effect on hazard rate variation or test the interaction effect
between covariates. As we aim to investigate the time dependency effect over activity
duration, three models are specified:

Model 1: including all individual’s socio-demographic covariates and then selected based 
               on stepwise regression method.
Model 2: extending model 1 by incorporating entering time of current travel/activity 
               episode.
Model 3: extending model 2 by adding the duration of previous travel/activity episode.

The ratio of two hazard rates represents the relative risk on the basis of baseline
hazard function. If regression coefficients are positive (negative), the relative risk is
increasing (decreasing), i.e. activity duration is decreasing/increasing. Besides, one can
also incorporate a discrete choice model to analyze the outcome state choice (11) or
investigate the effect of individual’s heterogeneity in Cox model (9,10). 

The survival function for transition (i, j) at renewal time τ  can be derived as: 
))(exp(

,0)( ijl
ijijl SS βX τ′=τ                                                                                                          (5)

where ijS ,0  is the baseline survival function for transition from state i to j. 

The estimation of parameter vector ijβ  for all i, j, ji ≠∀  can be obtained by the
maximization of partial log likelihood as:
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where 
)(τijlN : observed number of transitions from i to j for individual l within time interval

],[ τ+ilil tt . ilt  is the entering time of current state of individual l.  

∑
=

τ=τ
L

m
ijmij NN

1
. )()(  representing the observed number of individuals at state i at risk

within time interval ],[ τ+ilil tt  
)(τimY : indicator being 1 if individual m is at state i under risk within ],[ τ+ilil tt ; 0

otherwise.  
L: total number of individuals

Conventional Newton-Raphson technique can be applied to derive ijβ  and generally its
convergence can be obtained quickly. Related statistical test methods are also available to
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investigate its proportional hazard assumption with respect to each covariate (22).   
  
The estimation of transition probability function and cumulative hazard function is related
to the counting process with respect to the observed number of transitions from state i to
state j. The estimates of empirical baseline cumulative hazard function )(ˆ

0 tijΛ  can be
obtained by Nelson-Aalen estimator, which is right-continuous step function. 

∫∑ ∑
τ
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τ∈
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                                                                                      (7)

where 
)(ˆ

0 τΛ ij : the estimate of the cumulative baseline hazard of transition (i, j) for renewal time
τ . 

)(τijlY : indicator being 1 if individual l is at state i under risk within ],[ τ+ilil tt ; 0
otherwise.  
Note that the estimates of cumulative baseline hazard function are carried out with respect
to strata of the same covariates. Its plots provide useful insights to check its
appropriateness of such stratification.    

      FIGURE 1 Non-homogeneous semi-Markov process for daily travel-activity pattern   
      formulation

DATA DESCRIPTION

The data utilized is based on the Belgian Mobility Survey collected in 1998-1999 for
investigation of household members’ mobility behavior. 7025 individual’s daily travel-
activity patterns are investigated. As the analysis of interest resides on the investigation of
travel-activity chaining, our focus is on the sequence of travels and out-of-home activities
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realized on a day. Hence, samples without any trip occurred are not included in the
analysis data set. After investigating the different activity type participations over
weekday and weekend, we found that these two activity type choice patterns are quite
different. The former is work/school oriented. However, the latter is shopping and social-
recreation dominated. This study focuses only on travel-activity pattern over workday.
One can, however, extend similar analysis for data on weekend. It is also interesting to
investigate the influence of covariates for different types of travel and activity transitions.
Based on previous studies (Lee et al. 2007), some individuals (sex, age and profession
status) and household socio-demographic characteristics (household income, household
type, and presence of children) are included in the model specification. Besides, spatial
and modal related variables (household location, transport mode availability and
proximity to public transport) are also included in the model specification. The summary
statistics of these covariates is listed in Table 1. 

As for the travel-activity sequence data, individuals are asked to report his/her
sequence of trips and its related trip motivation on the previous day. For each reported
travel/activity episode, trip departure/arrival time information is utilized to calculate trip
duration. Original trip motivation is distinguished into 12 types for which a regroupment
in 6 types is undertaken to facilitate the analysis (see Table 2). For simplification, we
assume that the activity within two consecutive trip episodes is homogeneous. As a result,
the activity duration is calculated based on the arrival/departure time of its prior/posterior
trip. As the model estimation requires the full information for covariates and travel and
activity related variables, a complete data set is obtained by eliminating observations
containing missing or incorrect data. The resulted data set contains 2849 observations and
its related descriptive statistics is listed in Table1. For activity chaining behavior, the
residual observations at each activity episode is shown in Table2. It is clear that home-
work-home constructs the main travel-activity pattern on workdays and the number of
activity participations is less than 7 for 80% observations. 

TABLE 1 Summary statistics of individual’s socioeconomic covariates (n=2849)

Variable Definition Means Std. dev.
Individual characteristics
Sex Sex (1 if male, 0 female) 0.5117 0.4999
Age Age of individual 37.4176 19.6528
Prof Employment status (1 have a job, 0 otherwise) 0.4689 0.4991

Household characteristics
H_type Household type (1 if couple, 0 if single) 0.1712 0.3768
H_location Location of household (1 center city/village, 0

otherwise)
0.6093 0.4879

N_children Number of young children less than 16 years of
age in the household

0.8961 1.2543

N_car Number of cars in the household 1.3134 0.7751
PT_proximity Proximity to public transport (1 less than 250m,

2 250m ≤ distance< 500, 3
500m ≤ distance< 1km,
4 1km≤ distance<2km, 5 km≤ distance< 5km,
6 more than 5km )

1.9589 1.1240
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TABLE 2 Number of observations in sequential non-travel activity episodes 
Type of activity AEP1 AEP2 AEP3 AEP4 AEP5 AEP6 AEP7 AEP8 AEP9 AEP10 AEP11 AEP12 AEP13
Home 2849 40 1707 430 737 257 269 109 99 34 32 9 14
Work - 927 260 239 108 69 38 20 17 6 4 3 1
School - 645 28 103 8 12 5 5 0 0 0 1 0
Shopping - 484 242 195 99 90 28 29 9 7 2 3 2
Personal business - 442 237 259 132 109 59 52 18 16 5 6 1
Social-recreation - 304 231 305 124 121 65 43 17 15 3 8 2
Other - 7 8 3 1 3 0 0 1 1 0 0 0
Total 2849 2849 2713 1534 1209 661 464 258 161 79 46 30 20
* AEP : non-travel activity episode  

In the following, we estimate activity duration hazard functions and related survival
functions for state transition based on Cox model. The estimation process consists in
establishing a class of models with covariates of interests and then selecting one model
based on model fit statistics. The stepwise regression method is utilized to select
predictive covariates for which all candidates are included at the beginning and then
tested one-by-one and eliminated if non significant according to its statistical significance 

For covariates selection, 5% significance level is utilized for all classes of models in this
analysis. Moreover, as the number of travel-activity episodes is large, a reduced analysis
focused on the previous episodes, accounting for at least 58% observations, is conducted.    

ESTIMATION RESULTS

The parameter estimation is conducted by the Proc Phreg in SAS. The model fit statistics
is shown at Table 3. We find that the model 3 incorporating logarithm of the entering time
of current travel/activity and logarithm of the duration of travel/activity conducted in
previous episode performs best over the other two models in most episode transitions.
The results show that the duration of travel/activity closely related to its type, beginning
time-of-day and the duration of prior activity conducted, accordant with the empirical
estimation results of activity duration of Popkowski Leszczyc and Timmermans (14). The
coefficient estimates of individual and household characteristics are shown in Table 4. As
mentioned previously, a positive coefficient on a covariate increases the hazard rate, i.e.
decrease the duration of travel/activity. 

As the number of travel/activity episodes is numerous, we focus here only on the
analysis of the duration of activities conducted in different episodes. For the first episode,
it shows that the duration of home-based activity decreases with men, workers, and
households with young children less than 16 years of age but it increases with the
household type of couple and household location at center city/village. The estimation
results are quite reasonable. For the third episode, it shows that the duration of home
activity decreases with household location at center city/village. It implies that individuals
living in center city tend to conduct another out-of-home activities at early episode. The
time-of-day decreases the duration of home-based activity, work, school and social-
recreation activities in this episode. However, the time-of-day effect on the duration of
activities of other episodes is variant and depends on its type and the chronological time-
of-day. For the influence of the duration of previous travel/activity conducted, the
estimation results show that the duration of current activity increases if one spends more
time of travel to conduct current activity. This implies that people spend more time on
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travel to engage an activity with longer duration.     
As for work activity, it shows that men have longer duration. However, people

perform shorter duration of work if they are older, living in city center, with young
children in the household and with public transport proximity. For shopping activity, it
shows that workers perform shorter duration but couple with young children conduct
longer duration of shopping. For personal business, the results imply that young people
and people, living near public transport station, conduct longer duration of personal
business. However, workers, people of the location of household at city center, with car
and children, conduct shorter duration of personal business. As for social-recreation
activity, the results suggest that workers and people with location of household at city
center spend less time but households of couple spend more time on social-recreation
activity. Finally, it is interesting to note that most transition-specific covariates have
variant effect on the duration of activities during different episodes with exceptions of
number of car and the duration of previous travel/activity conducted.

TABLE 3 Model fit statistics
Episode Current state Next state -2 Log-liklihood Test Likelihood Ratio DF P value

EP 1 Home Trip 1 39123,939 6 --
EP 2 Trip 1 Activity 1 30682,723 48

30600,934 2 vs 1 81,789 54 <0.0001
EP 3 1 Home Trip 2 206,563 2

200,954 2 vs 1 5,609 3 0.0101
200,704 3 vs 2 0,25 3 --

2 Work Trip 2 10782,833 5
10719,078 2 vs 1 63,755 6 <0.0001
10702,179 3 vs 2 16,899 8 <0.0001

3 School Trip 2 6991,849 5
6981,946 2 vs 1 9,903 3 0.0035
6956,491 3 vs 2 25,455 5 <0.0001

4 Shopping Trip 2 4985,217 3
4985,217 2 vs 1 0 3 --
4935,382 3 vs 2 49,835 4 <0.0001

5 Personal business Trip 2 4461,838 6
4458,627 2 vs 1 3,211 7 0.04470
4445,904 3 vs 2 12,723 7 --

6 Social-Recreation Trip 2 2858,153 3
2850,263 2 vs 1 7,89 4 0.00274
2830,545 3 vs 2 19,718 5 <0.0001

EP 4 Trip 2 Activity 2 31023,215 48
30941,254 2 vs 1 81,961 54 <0.0001
30894,857 3 vs 2 46,397 60 <0.0001

EP 5 1 Home Trip 3 21823,221 4
21553,688 2 vs 1 269,533 4 --
21546,158 3 vs 2 7,53 5 0.0033

2 Work Trip 3 2373,433 3
2329,702 2 vs 1 43,731 4 <0.0001
2327,431 3 vs 2 2,271 5 0.0850

3 School Trip 3 124,116 2
123,363 2 vs 1 0,753 1 0.3155
115,091 3 vs 2 8,272 3 0.0079
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TABLE 3 Model fit statistics (Continuous)
Episode Current state Next state -2 Log-liklihood Test Likelihood Ratio DF P value

4 Shopping Trip 3 2179,069 3
2179,069 2 vs 1 0 3 --
2147,583 3 vs 2 31,486 3 --

5 Personal business Trip 3 2087,718 4
2080,969 2 vs 1 6,749 5 0.00525731
2076,303 3 vs 2 4,666 5 --

6 Social-Recreation Trip 3 2039,183 1
2039,183 2 vs 1 0 1 --
2026,901 3 vs 2 12,282 2 <0.0001

EP 6 Trip 3 Activity 3 14281,842 48
14233,903 2 vs 1 81,961 54 <0.0001
14174,128 3 vs 2 46,397 60 <0.0001

EP 7 1 Home Trip 4 4295,33 5
4189,435 2 vs 1 105,895 2 <0.0001
4189,435 3 vs 2 0 2 --

2 Work Trip 4 2132,572 2
2115,971 2 vs 1 16,601 4 <0.0001
2115,971 3 vs 2 0 4 --

3 School Trip 4 745,928 2
704,971 2 vs 1 40,957 6 <0.0001
704,971 3 vs 2 0 6 --

4 Shopping Trip 4 1641,744 1
1641,744 2 vs 1 0 1 --
1630,417 3 vs 2 11,327 1 --

5 Personal business Trip 4 2291,895 4
2289,245 2 vs 1 2,65 5 0.06513988
2285,457 3 vs 2 3,788 6 0.03084262

6 Social-Recreation Trip 4 2851,716 3
2851,716 2 vs 1 0 3 --
2839,811 3 vs 2 11,905 4 0.00030054

EP 8 Trip 4 Activity 4 11821,572 48
11812,462 2 vs 1 9,11 54 0.08280805
11743,416 3 vs 2 69,046 60 <0.0001

EP 9 1 Home Trip 5 8119,097 3
7924,799 2 vs 1 194,298 2 <0.0001
7924,799 3 vs 2 0 --

2 Work Trip 5 787,933 2
783,447 2 vs 1 4,486 2 --
783,447 3 vs 2 764,879 3 <0.0001

3 School Trip 5 18,568 1
10,369 2 vs 1 8,199 2 0.002416242
10,369 3 vs 2 0 2 --

4 Shopping Trip 5 686,955 3
686,955 2 vs 1 0 3 --
678,631 3 vs 2 8,324 2 0.002153825

5 Personal business Trip 5 1026,519 1
1026,519 2 vs 1 0 1 --
1026,519 3 vs 2 0 1 --

6 Social-Recreation Trip 5 940,273 2
940,273 2 vs 1 0 2 --
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940,273 3 vs 2 0 2 --

CONCLUSIONS 

This study applies multistate semi-Markov model for daily travel-activity duration
estimation. The results of estimates suggest that the duration of activity depends not only
on its type but also on the beginning time-of-day and the duration of previous
travel/activity conducted. The statistical tests of significance suggest that the
incorporation of time-dependent covariates into hazard function is important to estimate
the duration of activity. The results of parameter estimations suggests that people spend
more time on travel if the duration of activity to participate is longer. Moreover, socio-
demographic covariates perform different effects on activity duration during different
episode of time. The proposed multistate semi-Markov model allows one to analyze the
sequence of travel and activity patterns. It provides also useful insight on the effect of
covariates to travel/activity timing and duration analysis. Moreover, it can be used to
predict travel-activity patterns or generate activity program of homogeneous socio-
demographic classes for activity-based travel demand analysis. The future extensions of
current study may incorporate the effect of heterogeneity in hazard function specification.    
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TABLE 4 Covariates parameter estimates of multistate semi-Markov model 
Episode Current state Next state Sex Age Prof H_type H_location N_children N_Car PT_proximity log(t +1) Log (duration of

travel/activity
conducted in previous
episode)

EP 1 Home Trip 1 0.15728 -0.01116 0.44004 -0.10035 -0.08038 0.03885
EP 2 Trip 1 1 Home

2 Work -0.16524 -0.20807 0.56289
3 School 0.16167 -0.07994 2.25086 0.16197 2.63689
4 Shopping 0.27953 0.09688
5 Personal business 0.12817 -0.30164
6 Social-Recreation 0.54416

EP 3 1 Home Trip 2 0.80145 1.49741 -0.30303
2 Work Trip 2 -0.23827 0.00845 0.27487 0.07657 0.10258 0.04669 1.48287 -0.15902
3 School Trip 2 -0.12262 0.61514 -0.51865 2.15880 -0.22992
4 Shopping Trip 2 0.18045 -0.24806 -0.09735 -0.40401
5 Personal business Trip 2 -0.00662 0.22429 0.16377 0.08653 0.16210 -0.08144 -0.21772
6 Social-Recreation Trip 2 0.24758 -0.33423 0.28583 0.59542 -0.24370

EP 4 Trip 2 1 Home -0.50475 -0.18716
Trip 2 2 Work
Trip 2 3 School 0.21348 -0.03789 0.67749 0.28447 0.16901 0.11709 0.23621 -0.32192
Trip 2 4 Shopping -0.19752 0.18367 0.07933
Trip 2 5 Personal business
Trip 2 6 Social-Recreation 0.18067 -0.17553

EP 5 1 Home Trip 3 -0.00332 0.26485 0.08423 2.53244 -0.07857
2 Work Trip 3 0.24977 -0.19845 0.14557 1.77627 -0.11300
3 School Trip 3 0.92518 2.07160 -0.62397
4 Shopping Trip 3 0.25786 0.39682 -0.44919
5 Personal business Trip 3 -0.31422 -0.31344 -0.08418 -0.72340 -0.17792
6 Social-Recreation Trip 3 0.34265 -0.23866
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TABLE 4 Covariates parameter estimates of multistate semi-Markov model (continue)
Episode Current state Next state Sex Age Prof H_type H_location N_children N_Car PT_proximity log(t+1) log(duration of

travel/activity
conducted in previous
episode)

EP 6 Trip 3 1 Home -0.82040 -0.23879
Trip 3 2 Work -0.18622 -0.07114 -0.28295
Trip 3 3 School -0.02036
Trip 3 4 Shopping -0.00617 -0.24164 0.11529 -0.10429
Trip 3 5 Personal business -0.00600 0.08428 -0.18567
Trip 3 6 Social-Recreation -0.51591 0.96701

EP 7 1 Home Trip 4 0.14633 3.85019
2 Work Trip 4 -1.35655 0.09858 0.12244 1.43956
3 School Trip 4 -0.38712 -0.03848 -1.19506 0.50171 0.22072 6.82285
4 Shopping Trip 4 -0.35293
5 Personal business Trip 4 -0.28514 0.19155 0.31469 -0.16686 -0.43567 -0.14446
6 Social-Recreation Trip 4 -0.25921 -0.00735 0.16109 -0.21401

EP 8 Trip 4 1 Home -1.03168 -0.04186 1.67869 -0.22575
Trip 4 2 Work -0.00930 -0.32675 -0.10478
Trip 4 3 School 0.32832 -0.02150 11.54575 -1.73542
Trip 4 4 Shopping 0.10017
Trip 4 5 Personal business -0.23612
Trip 4 6 Social-Recreation -0.43332 -0.26345

EP 9 1 Home Trip 5 0.21338 5.10553
2 Work Trip 5 -0.55196 -0.21510 1.23155
3 School Trip 5 -1.87511 47.76890
4 Shopping Trip 5 -0.47778
5 Personal business Trip 5 0.20990
6 Social-Recreation Trip 5 -0.00806 0.16774

Remark: t is the entering time of current state 


