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a  b  s  t  r  a  c  t

Searching  homogenous  groups  of individuals  is one  of the important  steps  in  activity  based  travel  demand
modeling  development.  This study  proposes  an  Integration  of  Classification  tree  And  Sequence  alignment
method  (ICAS)  as a new  classification  method.  The  main  advantage  is  the  ability  to  explore  all  sources  of
lifestyle  variations  that  have  various  data  types  including:  sequential  data,  continuous  variables,  and  dis-
crete  variables.  These  data  are,  for example,  activity  sequential  patterns,  socio-economic  characteristics,
and  socio-demographic  characteristics.  Results  from  ICAS  can  also  be  used  as both  an  activity  classifier
and  an  activity  generator  in  an activity  based  travel  demand  modeling  system.  The  proposed  ICAS  con-
cept  was  evaluated  with  real world  data,  using  the 2004  Bangkok  time  use  data  from  Thailand’s  National
Statistical  Office  (NSO).

©  2015  Elsevier  B.V.  All  rights  reserved.

1. Introduction

For more than a decade, the activity based modeling approach
has increasingly received attention in transportation research. The
activity based modeling approach extends the conventional trip
based travel demand model by considering the real factors that
cause people to travel, the activities that people carry out at dif-
ferent places and times. In this case, modeling inputs require
disaggregate data of individuals rather than aggregate data of traffic
analysis zones.

Therefore, the approach of searching homogenous groups of
individuals who have similar activity patterns and lifestyles prior
to developing the model is obviously important. This research clas-
sifies approaches in dividing homogenous groups of populations
into two categories, activity schedule analysis (ASA) and Lifestyle
classification (LSC). ASA is rooted from the famous Hägerstrand’s
time geography concept and mainly concentrates on the activity
schedule data. On the other hand, LSC mainly focuses on various
elements based on activity and travel behavior, which are related
to fundamental human values and needs. Each of these alternatives
has certain advantages and disadvantages in providing effective
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measures of individual activity patterns. The following sections
discuss ASA and LSC in detail.

1.1. Activity schedule analysis (ASA)

ASA mainly focuses on a measurement of human activity charac-
teristics and patterns. The earliest contribution is the development
of a space-time path by Hägerstrand [1]. The space-time path is
a three-dimensional orthogonal system. The system consists of
a two-dimensional plane which indicates positions of an indi-
vidual (spatial dimensions) and a vertical dimension axis which
represents time taken by the individual at each position (a tem-
poral dimension). Hägerstrand’s concept of a space-time path,
later known as time-geography, helps researchers to demonstrate
human activities under constraints such as physical limitations and
time [1–4]. Some transportation research adopts the time geog-
raphy concept in various contexts such as improvements of the
space-time path visualization [5–7] and the exploration of human
activities and interactions [8,9].

Advances in information technology and the increasing number
of available activity datasets push research on activity schedule
analysis, such as the exploration of activity patterns from a large
dataset. The objective is to answer questions such as who shares
similar activity patterns. In this case, the classical time-geography
concept is found to lack a quantitative method which is pow-
erful enough to analyze a huge volume of information supplied
by activity diaries [10]. For this reason, applications of quantita-
tive methods were proposed. These applications treat an activity
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dataset as multidimensional data. Most conventional applications
used in this research are the multivariate group identification
methods, such as clustering or pattern recognition algorithms.
Using cluster analysis, the activity patterns are represented in rela-
tively small numbers of homogenous classes which are generalized
based on the selected variables [11–15]. The clustering methods
are promising and can be used to classify groups of individuals
who share similar activity patterns. However, two  arguments exist.
Firstly, the methods cannot consider sequences of activities during
the day. Secondly, they do not consider the information of activity
locations, leaving off the information from the time-geography con-
cept. Sequence Alignment Methods (SAMs) and Multiple-Sequence
Alignment Methods (MSAMs) were proposed to solve these two
arguments.

SAMs are used to determine the degree of difference between
sequences of information. The methods have been widely applied
in bioinformatics to analyze similarity in sequences of DNA, RNA,
or protein [16,17]. Several studies in other fields such as social
science [18,19], tourism [20], geography [21], and pattern recog-
nition [22] also applied the methods to identify groups of behavior
patterns according to their interest. In transport research, Wilson
[10] firstly applied SAM to analyze travel behavior patterns. The
study concluded that the method can successfully identify groups
of behavior patterns in a population dataset. Following his study,
many researchers applied SAM to analyze activity schedule data
[21,23,24]. However, SAMs only consider the uni-dimensional data
and fail to consider other dimensions of activity patterns such
as activity locations, which also exist in a sequential pattern and
directly relate to the activity schedule. This missing ability of SAM is
solved by the application of MSAMs  [25–27]. In addition, the motif
search is also another approach to alleviate the limitations of SAMs
[28]. On the other hand, to avoid the computational burden when
applying SAMs, the integration of a cluster analysis method and a
sequential analysis method was suggested [12,29].

Previous research on ASA showed several alternatives to derive
homogenous groups of individuals who have similar activity pat-
terns. After gathering the homogenous groups of the sampled
population, further lifestyle variations are then considered, based
on the person or household characteristics. In each homogenous
group, the activity patterns are related to the individuals’ or house-
holds’ attributes and used as a response variable in the activity
travel behavior model [5]. By considering only activity patterns
prior to develop the models, there are possibilities that persons
with different attitudes and preferences are categorized into the
same homogenous group. For example, Fig. 1 presents the daily
activity of two persons from Bangkok’s time use data. They have
different socio-demographic characteristics, but conducted similar
activity patterns. ASA will recognize these two in the same homoge-
nous groups. Hence, failure to integrate person or household
characteristics in the classification process may  lead to impractical
models. For example, discrete choice models assume inputs from
homogenous group of populations with similar socio-economic and
household characteristics. However, it is impractical to calculate
average values of socio-economic and household characteristics
from a group classified by ASA and apply them directly to discrete
choice models.

1.2. The Lifestyle classification (LSC)

In LSC, the activity analysis is defined as “a framework in which
travels are analyzed as daily or multi-day patterns of behavior,
related to and derived from differences in lifestyles and activity
participation among the population”. Lifestyles are also defined
as the representation of individual preferences of his/her daily
activity and travel decisions [30]. Kitamura [31] defined the term
“lifestyles” occurring in the literature with two  meanings: (a)

activity and time-use patterns and (b) values and behavioral orien-
tation. Hence, variables that are used to describe lifestyles depend
on data availability and study objectives. These variables can be
the activity characteristics, time use data, socio-demographic
characteristics, and socio-economic characteristics. Additionally,
there are three main approaches in the literature that were used to
classify homogenous group of population with lifestyle variations
[14]. The cluster analysis methods which were applied to these
alternatives differ on choices of input variables. The first approach
only concentrates on individual and household socio-economic
and demographic characteristics, which is opposite to ASA, as dis-
cussed in Section 1.1. While ASA only concentrates on evaluations
of activity schedule data, this alternative takes all considerations
of lifestyle characteristics such as household structure, work
participation, and household type. The second approach uses
short-term daily activity-travel characteristics and long-term
household socio-economic and demographic characteristics to
classify lifestyles. Finally, the third approach mainly concentrates
on the additional use of long-term information of individual activ-
ity participation. Among these approaches, the second approach is
often used because the first approach fails to consider the activity
schedule data while the third approach requires costly input
data which are normally not available. More information of these
approaches can be reviewed from Lin et al. [14] and Kitamura [31].

Further, the cluster analysis methods are good in classify-
ing groups of sampled individuals but they cannot be used to
allocate un-sampled individuals, the synthetic population, to the
lifestyle clusters [14]. Presently, attention to this modeling capa-
bility has increased because of the growth in demand of the
agent based travel demand model. To this problem, Support Vector
Machine (SVM) was purposed to allocate those synthetic popu-
lations into the created lifestyle clusters [14]. Using results of
the lifestyle clusters created from the cluster analysis methods,
SVM can be used to develop a classification function that is only
based on the socio-economic and socio-demographic character-
istics. Additionally, Classification and Regression Tree (CART) is
another alternative that can be used to classify group of sampled
individuals with lifestyle variations and to allocate the un-sampled
individuals to the previous classified group. CART is also used as
the activity generator model in TRansportation ANalysis SIMulation
System (TRANSIMS) [32,33].

From previous discussions on the past research in LSC, the
cluster analysis methods are generally applied to create lifestyle
clusters. Additionally, SVM and CART also have advantages over
the cluster analysis methods by providing the activity classifier
and the activity generator. These modeling approaches deliver both
efficient classification results and a competent synthetic popu-
lation classifier. However, as the modeling techniques are based
on the cluster analysis or the classification methods, the models
are unable to consider similarity of the activity sequential pat-
terns. Even though this problem is already well recognized in ASA
research by applying SAMs or MSAMs, the problem still exists in
LSC research. LSC research requires variables such as age, household
income, employment status, and gender. Since these variables are
not in sequential format, they cannot be directly considered using
SAMs and MSAMs.

1.3. Problems and needs

The advantages and disadvantages from both ASA and LSC
research were already discussed in the previous sections. Three
groups of algorithms are found in the literature including (a)
cluster analysis, (b) Classification and Regression Tree, and (c)
sequence/multiple sequence alignment method. The strength and
weakness of each algorithm can be summarized as follows.
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