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ABSTRACT 

This paper compares daily activity and travel choices of individuals living in Athens, Greece and Chios, 

the fifth largest Greek island.  Harmonized data from a travel diary from Athens and an activity diary from 

Chios are used in this paper. Analysis conducted includes the comparison patterns of trip chains, tour 

structure mode choice, and timing of departure and arrival at home in a day in the two areas.  The results 

highlight the differences and commonalities between the urban and island contexts, signify the effect of 

lifestyle on daily activity and travel choices, and reveal that the more relaxed lifestyle of the island area can 

lead to later morning departure times, non-influenced by the amount of work an individual has to conduct 

and in a more independent organization of everyday life, not bound by the constraints of an urban physical 

environment.  In addition, in the urban area people prefer to conduct a secondary tour through the day for 

their secondary activities, while, in the island case people prefer to make an intermediate stop on their way 

to or from their primary activity.  Moreover, walking takes up a much larger share in modal split in the 

island area.  In both environments leisure activities are associated with walking, but the proportion for the 

islanders is even larger.  
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Περίληψη 

Η εργασία αυτή συγκρίνει τις καθημερινές δραστηριότητες και τις επιλογές μετακίνησης των ατόμων που 

ζουν στην Αθήνα και στη Χίο,  το πέμπτο μεγαλύτερο ελληνικό  νησί.  Τα διαθέσιμα δεδομένα από  τις 

περιοχές μελέτης περιλαμβάνουν ένα ημερολόγιο μετακινήσεων για την περίπτωση της Αθήνας και ένα 

ημερολόγιο  δραστηριοτήτων  για  τη  Χίο.  Η ανάλυση περιλαμβάνει  τη  σύγκριση  των  ταξιδιών  και  της 

δομής τους μεταξύ των δύο περιοχών και περιγραφικά στατιστικά στοιχεία σχετικά με την επιλογή του 

τρόπου  μετακίνησης.  Τα  αποτελέσματα  υπογραμμίζουν  τις  διαφορές  μεταξύ  των  αστικών  και  των 

νησιωτικών  περιοχών,  επισημαίνουν  την  επίδραση  του  τρόπου  ζωής  στις  καθημερινές  επιλογές 

δραστηριότητες και τις μετακινήσεις, και αποκαλύπτουν ότι ο πιο χαλαρός τρόπο ζωής του νησιού μπορεί 

να  οδηγήσει  σε  μεταγενέστερους  χρόνους  αναχώρησης  το  πρωί,    που  δεν  επηρεάζονται  από  την 

ποσότητα  εργασίας  ενός  ατόμου  και  ενδέχεται  να  οδηγήσει  σε  μια  πιο  ανεξάρτητη  οργάνωση  της 

καθημερινής ζωής, που δεν δεσμεύεται από τους περιορισμούς ενός αστικού περιβάλλοντος. Επιπλέον, 

στην αστική περιοχή οι άνθρωποι προτιμούν να διεξάγουν μια δευτερεύουσα μετακίνηση μέσα στην την 

ημέρα  για  τις  δευτερεύουσες  δραστηριότητές    τους,  ενώ,  στην  περίπτωση  του  νησιού  οι  άνθρωποι 

προτιμούν να κάνουν μια ενδιάμεση στάση στο δρόμο τους προς ή από την κύρια δραστηριότητά τους. 

Επιπλέον,  το  περπάτημα  καταλαμβάνει  ένα  πολύ  μεγαλύτερο  ποσοστό  στην  κατανομή  της  επιλογής 

μέσου μεταφοράς στην περιοχή του νησιού. Και στα δύο περιβάλλοντα οι ψυχαγωγικές δραστηριότητες 

σχετίζονται  με  την  μετακίνηση  με  περπάτημα  ,  αλλά  το  ποσοστό  για  τους  νησιώτες  είναι  ακόμα 

μεγαλύτερο. 

  



 
 INTRODUCTION AND LITERATURE REVIEW 

Lifestyle choices are very relevant to travel behavior. Lifestyle as a term can mean different things. A 

synthesis of household structure, number of children, number of people in a household who work, living in 

an urban center or commuting large distances on a daily basis are all lifestyle components that fit the 

definition when looking at a household (Krizek and Waddell, 2002). When concentrating on an individual’s 

lifestyle, choices such as work type and work hours, career, orienting time allocation towards work or other 

activities, and others can be involved. Lifestyle, of course, can be used as a term to describe other aspects 

of an individual’s life that have a straightforward effect on her travel behavior. Aspects or personal traits, 

stemming from personal beliefs and perceptions, can create a combination of lifestyle and personality. For 

example, a person who has a sedentary lifestyle and devalues physical exercise can be described as having 

a whole different lifestyle from a “sporty” type of person who seems to lose no chance, even in a tight daily 

schedule, to work out. The relationship between these lifestyle types and clusters, and travel behavior has 

been the subject of many papers (Sallis et.al., 2004; Sumalla, 2007).  This is also related to quality of life.  

Place of residence influences a wide array of quality-of-life factors, ranging from health (Eberhardt and 

Pamuk, 2004) to environmental quality and other important factors. Lifestyle choices can affect the place 

of residence but this is a two-way relationship. A person with a certain lifestyle will choose a location that 

fits her/his needs and desires, but living in a certain location can also shift and reform a person’s needs, 

desires, and everyday behavior, changing their lifestyle in essence.  

Differences between places of residence influences travel behavior. This can be quantified and explained 

using the trip chain structure. Kamargianni et al. (2012) explore teenagers’ travel patterns in morning school 

tours, identifying 17 different types and comparing the frequencies of different tour structures between an 

urban, a rural and an insular area. Students from the urban area tend to have a more simple structure to their 

tours, while students from the two other areas were more likely to have an intermediate stop before or after 

school. Of course, average travel time is relevant as well.   

A methodology that is often used in the literature, representing an actor’s daily choices that can, largely, 

dictate the rest of the daily pattern of travel and activity, is the study of morning departure and evening 

arrival times. Some stochastic models representing these times treat the departure times as discrete (MNL 

nested logit models or mixed logit models). Others, emphasizing the continuous nature of time as a variable, 

treat departure times as continuous (continuous-time models, ordered GEV[not defined] and their variants). 

A review of model techniques and methodologies on this subject is presented in Sasic & Habib (2013), who 

use a heteroskedastic generalized logit model to investigate commuting in urban and suburban areas of 

Toronto.  



 
Pendyala et al. (2005) and Pendyala (2002), calculating the spatio-temporal constraints of human daily 

activity, formulate temporal vertices of the Hagerstrand space-time prism. They attempt to model the origin 

point and terminal point of this prism, often difficult to observe in survey data, using stochastic frontier 

models. The method aims to achieve the following: (a) formulate these models to estimate origin and 

terminal points of the time vertex; (b) compare the results of the model between different geographic areas; 

(c) compare the results of the model on different days, to identify day-to-day variations. The two latter goals 

were attempted in the paper (Pendyala, 2002) providing results of “remarkable similarity” between the 

geographic areas of San Francisco and Miami and between different days, indicating a minimal day-to-day 

variation. The shared results of stochastic frontier models include the following: a more than 60-minute-

earlier origin vertex for workers compared to non-workers that drops to around 50 minutes for part-time 

workers, while people who work from home have an origin vertex 86 minutes later than people who 

commute to work. Car availability and driver’s license produce vertices that are later in the morning and 

older individuals have an earlier origin vertex. We are performing a similar comparison here.   

Summarizing, individuals’ daily activities structure and temporal organization have been studied 

extensively. Trip chains and tour structure, time-of-day analysis and departure time models have been 

employed to examine variables influencing spatio-temporal variations.  Our paper shows that different 

lifestyles among places influence the daily schedules of individuals, contributing to the literature regarding 

new methods and perceptions on time allocation at different levels, both spatial and temporal. 

 

 METHODOLOGY 

Study area 

Chios Island is located in the Aegean Sea, seven miles from the coast of Asia Minor. It is the fifth-largest 

of the Greek islands, and 51,320 persons live in the main city or the villages and towns of Chios.  Chios 

town, the capital of the island, is the center of the island's transport flows and commercial activity, and has 

a population of approximately 30,000 people. Chios has a high level of car ownership per capita, and 

approximately 2,500 new vehicles circulate on the island each year. Considering the island population, this 

corresponds to 2,500/51,320 new car per person, which is a large number. With a population density of 

57.5 (people/km2), Chios had 420 cars per 1,000 people as of 2009, making it the third-highest car 

ownership area in Greece after the metropolitan areas of Athens and Thessaloniki (the second largest urban 

area in Greece). It also has one of the highest rates of motorcycle ownership in Greece and, from the 

household surveys, a relatively small rate of bicycle ownership, with most of the bicycles unused. 



 
Athens is the capital and the largest city of Greece. The city of Athens proper has a population of 664,046 

and the metropolitan area of greater Athens has 4,013,368 residents (2011). The population density in the 

urban area is 7,462 people/ km2.  

Sampling – Chios (island area) 

This research uses data from the ongoing travel survey taking place on Chios island as part of the “GreTIA 

– Green transport in island areas” scientific project. In this paper we use a sample of 550 island households 

(roughly 2.5% of the population). The survey design includes a three-part questionnaire: (a) a household 

questionnaire, answered by one of the family members, containing general socioeconomic questions and a 

grid in which the households complete vehicle fleet information; (b) a personal questionnaire, completed 

by each individual in private, containing questions about their personal happiness and satisfaction with 

various aspects of everyday life, questions investigating their level of familiarity with social networks, and 

a group of questions about recent life changes; (c) an activity diary, designed to be accompanied by a GPS 

device.  

A total of 620 out of 1,090 individuals successfully completed the activity diary. After a data-cleaning 

session, a number of activity diaries were set aside as they contained erroneous or missing data. This is an 

expected outcome, as most survey participants were left to complete the diary alone and this is the first time 

a survey like this has taken place in the study area. The sample was divided into three subsets – working 

people, non-working people and students – in order to capture the variance in daily activity patterns between 

those population segments.  Descriptive statistics for the three groups of respondents are reported in Table 

1. 

 

 

 

 

 

 

TABLE 1 Descriptive statistics 

 Chios    Athens     
 Workers Non-

Workers 
Students All Workers Non-

Workers 
Students  All 



 
N 273 307 40 620 323 185 60  569 
Average age 41.5 43.4 20.4 36 40.7 57.4 15.6  43.5 
Gender 
(woman) 

48.9 53.1 36 50.9 49.2 66.5 51.7  55.2 

Median 
personal 
annual 
income 

16.460 10.800 n/a 10.000      

% with 
college 
degree 

56.3 40.6 18.2 42.7 44.3 17.8 5  31.5 

Distance of 
commute 
(km) 

2.8 n/a 0.7 2.7      

          
Daily work 
trips 

1.07 n/a 1.4 
(university) 

1.18      

Daily 
recreation 
trips 

   0.54      

% of daily 
time spent in 
shopping 
activities 

3.2 5.4 
 

4 4.3 - - -  10.5 

% of daily 
time spent in 
recreational 
activities 

8.1 6.2 16 7.5 - - -  6.5 

% of daily 
time spent in 
home care 
activities 

4.8 26.2 3.5 16.2 - - -  - 

Mean 
waking-up 
time 

7:45 8:28 10:10 8:09 - - -  - 

Mean time of 
departure 
from home 

9:23 11:04 11:40 10:16 8:34 10:52 10:25  9:31 

Mean daily 
work 
duration 

5:59 0:16 0:50 5:54     6:59 

 

Non-students are dominant in the sample, but the 40 students who completed the activity diary form a 

subgroup that could lead to interesting results. Average personal income is not representative of Greece’s 

national economy, because the study area is one of the highest-ranked areas in the country in terms of bank 

savings accounts and is generally regarded as a mid-to-high-income region.  

Non-workers are generally occupied with home care, as this task takes up 26.2% of their daily time, while 

the percentage falls to under 5% for both workers and students. Shopping activity shows no significant 



 
variance between the three subgroups but recreation is highly popular amongst students, taking up to twice 

the amount of time in their daily schedules as it does in workers’. Waking-up time, even for workers, is 

much later than the regular waking-up times in urban centers. With a mean commuting distance of below 

three kilometers, which corresponds to a less-than-ten-minute commute in regular traffic conditions, 

workers do not seem to feel the pressure to rise early during the week. Even more interesting is the mean 

departure time, almost an hour and a half after most jobs in the public and private sectors begin in Greece. 

Non-workers’ first trip from home begins at around 11:00. Students have a more relaxed schedule, exiting 

their homes for the first time just before noon. Average work duration is six hours per day (part-time 

workers and freelance professionals bringing the average down from eight hours) and small amounts of 

working activity are found in non-workers’ schedules (mainly helping the working person of the household 

or taking small shifts in the family business). Part-time work in the students’ subgroup accounts for a mean 

of 50 minutes per day. 

Sampling – Athens (urban area) 

This paper uses a random sample of 569 individuals from a travel survey conducted in Athens in 2012.  

Due to differences in the diaries used in Athens and Chios part of the information available for Chios is not 

available in the Athens database. However, using the data that are harmonized between the two areas, 

general remarks include: The majority of the sample in Athens are workers, either full time or part time, 

with a mean age of 40.7 and 44.3% having a college degree. These statistics are comparable with the Chios 

case. Moreover, when it comes to non-workers, the sample in Athens is older (a mean age of 57.4 as 

opposed to 43.4 in Chios) and predominantly female. The non-worker cluster also has a significantly lower 

percentage of people holding a college degree. The student cluster is also significantly different, as the 

Athens database contains a large number of high school students, while the database in Chios comprises 

mainly undergraduate students.  

Setting these differences aside, a comparison between morning departure times and work activity duration 

leads us to the first conclusions on the variance in rhythms between the two places. Average departure time 

in Athens is almost 45 minutes earlier than that in Chios. Even workers in Chios initiate their first trip of 

the day more than an hour later than their colleagues in Athens.  We will test these differences in a later 

section of the paper accounting for education and employment type differences between the two samples.  

One could comment that the distances are greater and travel lasts longer in the urban area so this is a well 

expected result, but looking at the daily average duration of work activity, things become more clear.  

People in Chios work over an hour less. The samples have proportional percentages of public and private-

sector, and full-time and part-time, workers.  Considering that work duration is shorter in Chios, this means 



 
that people in Chios either go to their jobs later or leave their job sites earlier in the afternoon. It could also 

mean less frequent overtime or a more relaxed approach taken by those who are not bound by a strict 

timetable. This could be the first indicator of location-dependent lifestyle affecting daily rhythms.  

METHODOLOGICAL FRAMEWORK 
The absence of activity diaries for the urban case prevents us from creating comparable activity sequence 

plots and time-of-day charts for the two study areas, but the exercise has still been useful in helping us to 

understand a lot more about the behavior and activity sequences of people in the island area.  First, we 

compare the average morning departure times and work activity durations. Then, we analyze the trip chains, 

and the tour structure. Tours are identified and grouped into primary and secondary tours, with primary 

tours containing work, education, shopping, leisure and other activities as the main trip purpose. 

Intermediate stops are also noted. Thus the tour structure can be one of the following types: primary tour 

(with no intermediate stop or secondary tour), primary tour and secondary tour (with no intermediate stops), 

primary tour with an intermediate stop but no secondary tour, and finally primary tour with both an 

intermediate stop and a secondary tour. The next step is the analysis of the tour structure, depending on the 

temporal positions of the intermediate stop(s). Four groups are identified: HMH (home – main activity – 

home), HiMH (Home – intermediate stop – main activity – home), HMiH (home – main activity – 

intermediate stop – home) and HiMiH (home – intermediate stop – main activity – intermediate stop – 

home). The final step of this analysis is a comparison of the modal split in the two areas, into general and 

activity-specific.  This is followed by an examination of bivariate correlation between the morning 

departure time and the duration of the various activities and the statistical significance of this correlation. 

The departure time is measured as time elapsed from midnight (in minutes), so that the two variables are 

comparable. Correlation tests include work, leisure, education and shopping activities, measured across the 

appropriate sample clusters. 

Latent Class Cluster Analysis 

 

The technique selected to identify groups of homogeneous patterns of daily rhythms is latent class cluster 

analysis.  This technique:  

 

a) includes a J-category latent variable, each category representing a cluster 

b) uses many “dependent” or clustering variables (named criteria variables herein); 

c) uses a mixture of multiple types of criteria variables (e.g., continuous, categorical, ordered, count); 

d) uses and tests the effect of covariates of many different types; 



 
e) is more flexible than many other clustering algorithms; 

f) is a model-based clustering approach, so it  provides probabilistic membership of observations in 

clusters; and 

g) provides convenient interpretable output 

 

In this paper we use notation and model formulation similar to Vermunt and Magidson (2002).  Assume 

there is one latent variable (X) representing the behavior of a person during the observation days in the 

sample here.  Different categories of this variable X denote different types of activity-travel behavior and 

the probability of belonging to each category of variable X represents the proportion of persons that choose 

that specific type of behavioral pattern.  Using observed data we would like to identify how many distinct 

groups we have, find the proportion of persons in each group, and gain insights about their heterogeneity.   

 

For each person in our sample we observe M measures (indicators) of activity and travel behavior indicated 

by the symbol Y that can be used to infer membership in the categories of the latent variable X.  A third set 

of variables, which are not included as criteria variables in the clusters, are used as explanatory variables 

and for this indicated with the symbol Z.   

 

The probability density of the Ys given a set of Z values is: 

 

( | ) ( | ) ( | , )
x

f Y Z X Z f Y X Z         (1) 

 where )|( ZX is the probability of belonging to a certain latent class given a set of covariate values.   

 

If the Y variables belonging to different clusters (categories of variable X) are assumed to be mutually 

independent given the latent class and the covariates, we obtain: 

 

1

( | ) ( | ) ( | , )
M

m
x m

f Y Z X Z f Y X Z


         (2) 

 

Since the scores on the latent variable given the covariates are assumed to come from a multinomial 

distribution, probability of belonging to a given latent class can be calculated as follows: 
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where the term η is a linear combination of the main effects of the latent variable ( )
jx   and the covariate 

effects on the latent variable )(
jl xz defined as:  

|
1 1 1

j l j

J L J

X Z x z x
j l j

  
  

           (4) 

 

One way to visualize this model is to consider a cross-classification table underlying the model in which 

latent and observed variables are included.  This table has dimensions equal to the categories of all the 

variables when all variables are categorical.  The cell values of this table are the entities we are trying to 

estimate using formulations as in Equation 4.  As in many latent class models the likelihood function takes 

the familiar form shown below where  denotes the unobserved parameters to be estimated.   

 


i

iii ZYfnLogL ),|(log          (5) 

 

The parameters in equation 5 can be estimated by the Expectation Maximization (EM) algorithm, which 

produces Maximum Likelihood estimates under specific conditions.  In the examples here we use the 

Vermunt and Magidson (2002) method, which is a combination of EM with Newton-Raphson.  Standard 

errors for the parameter estimates are computed using the Hessian matrix (matrix of the second order 

derivatives of the estimating equation).  As the number of parameters to estimate increases, the degrees of 

freedom decrease rapidly and for this reason we run into a variety of operational problems such as 

identification (inability to compute a parameter) or lack of convergence (subsequent estimation step 

parameters are not close enough).  Most latent class models are also sensitive to local maxima of the 

likelihood function used in estimation, which can be circumvented by testing multiple models using 

different initial trial values for the parameters (see also (Goulias, 1999)).  Estimation of models of this type 

is in essence a hierarchical iterative process in which: 

 

a) We start with a one cluster assumption and a simple model is estimated; 



 
b) experimentation proceeds by increasing the number of clusters until identification is no longer 

possible for some parameters, the cluster sizes become too small to be meaningful, and the 

difference in goodness of fit between successive models is not significant; and 

c) selecting one or more models that appear to be a reasonable description of the observed data, we 

define alternate modeling options such as correlations among criteria variables and variances within 

each cluster starting another iterative cycle.  This goes on until the addition of a more complex 

structure no longer yields a significant improvement (for nested models we can use a formal 

statistical step as a stop criterion).  

 

Within these three steps we also have two additional “mini-steps.” For each model we first develop starting 

values for the unknown parameters we are estimating that are drawn from a distribution of randomly 

selected moments.  For a given set of starting values we perform maximum likelihood iterations first using 

the EM algorithm until the values of subsequent iterations reach a predefined difference (or the total number 

of EM iterations reaches a maximum number).  Then, the algorithm switches to a Newton-Raphson 

algorithm until again a predetermined convergence criterion value is reached or the maximum number of 

iterations is reached.  In this way, we can exploit advantages of  both algorithms, i.e. the stability of EM  

even when far away from the optimum and the speed of Newton-Raphson when close to the optimum 

(Vermunt and Magidson, 2002). 

  

In the same way as other latent class models, statistical goodness-of-fit measures for latent class cluster 

models are the typical chi-square statistics used also in the cross-categorical data analysis.  The first measure 

is the likelihood ratio chi-square, G2 or L2.  It has a chi-square distribution with degrees of freedom given 

by the number of “free” parameters (Total number of different response patterns - the number of estimated 

model parameters – 1).  It represents the opposite of an R2 in regression because it is the amount of 

unexplained variation by the model. Therefore, higher values indicate models that do not fit the data well 

and lower values represent better fitting models.  When models are nested, (i.e., they differ only in the 

number of estimated parameters), we could create the difference between the G2 of the two models.  This 

difference is chi-square distributed and can be used for hypotheses testing.  This cannot be done between 

models that differ in the number of clusters because they are not nested.  Based on L2, the Bayes information 

criterion (BIC), Akaike information criterion (AIC) and the Consistent Akaike information criterion (CAIC) 

are computed to measure goodness of fit and to take into account model parsimony penalizing models with 

many parameters.  The lower the BIC, AIC or CAIC values, the better the model we estimate (McCutcheon, 

2002).   



 
 

The approach followed in the analysis presented in this paper has some advantages over the more popular 

cluster analysis using the k-means and then using some kind of regression to identify the composition of 

each cluster.  First, the latent class cluster method for identifying clusters is designed for combinations of 

continuous and discrete criteria variables while the k-means method is defined for continuous variables 

only.  Second, the method used here allows for a probabilistic membership of each observation in each 

cluster.  This provides flexibility in observation classification while the k-means does not allow for that.  

Third, post-processing of the cluster data using regression is not required because the method used allows 

the inclusion of covariates.  There are other advantages of latent class methods in general and the specific 

implementation used here that are discussed in Vermunt and Magidson (2002) 

 

ANALYSIS AND FINDINGS 

 

Table 2 shows secondary tours, in Athens and Chios, tend to have fewer intermediate stops than primary 

tours, with Athens having no stops. Overall, Athenians do not make intermediate stops and the few people 

who conduct intermediate stops prefer to do so before their main activity (for most of them, the stop 

involves escorting kids to school). On the contrary, islanders prefer the opposite pattern, making their stops 

after conducting their main activity, and there is a small percentage (3.4%) who conduct intermediate stops 

both before and after their main activity. 

 

TABLE 2 Tour structure with intermediate stops 

Main tours Chios Athens 

Home-Main-Home 69.9% 98% 
Home-Intermediate-Main-Home 10.3% 0.8% 
Home-Main-Intermediate-Home 16.4% 0.2% 
Home-Intermediate-Main-Intermediate-Home 3.4% 0% 
Secondary tours   

Home-Main-Home 88.2% 100% 
Home-Intermediate-Main-Home 3.9% 0% 
Home-Main-Intermediate-Home 5.9% 0% 
Home-Intermediate-Main-Intermediate-Home 2.0% 0% 

 



 
The above observation allows a classification to be made of the daily rhythms in the two areas. In the urban 

area, people affected by long travel times and distances conduct a primary tour during the day and avoid 

making any intermediate stops during it. Commuting fills a big part of their everyday time schedule, and 

they seem to avoid prolonging it, at least by making intermediate stops. They conduct their secondary 

activities during the day by making a secondary tour, where again they avoid stopping at intermediate 

locations. Islanders, though, seem to prefer to complete their entire daily travel in a single tour, which 

contains all the stops at which they conduct their main and secondary activities.  

Table 3 provides a more focused comparison of the travel behavior and mode choices in the two locations. 

The first major difference is the almost non-existent use of public transport in the island area. Used only by 

students and elders, the public bus system of Chios takes up roughly 2% of the modal split. In Athens, over 

a quarter of the sample uses public transport for their daily travel. This is as expected due to the extensive 

public transport system of Athens that has a major subway connecting large portions of the urban 

environment and a dense system of bus routes. Also, car use is significantly higher in Athens, by 10% over 

that in Chios. The gap between car and public transport use in Chios is filled by a large proportion of 

walking and motorcycle use. People on the island seem keener to walk, as distances are smaller and the 

center of the city is safer for pedestrians. Also, motorcycle use is very popular in Chios because they 

perform well in the narrow roads of the city center.  

The proportions using cars to make trips to work are very close in the two cases, at almost half of the 

sample. Walking to work is four times more popular in the island case, with only 4% of the sample walking 

to work in Athens. The car use percentages are also very similar for trips made for leisure purposes in the 

two areas. Walking trips also increase when looking at leisure as the trip purpose, at 32% for Athens and 

40% for Chios. The above results reveal that, even if, in the island case, walking has a larger mode share 

and in both cases there is a respectable percentage of walking as the mode choice for leisure activities, half 

of the sample uses a car to go to work in both the island and urban cases. 

TABLE 3 Modal split 

Modal split Chios Athens 
Walking   22.2 12 
Car   28.2 38.9 
Motorcycle   12.2 4.9 
Bicycle   2.3 0.9 
Public transport   1.8 30.8 
Taxi 0.3 1.6 
Car to work   49.3 57.8 
Walk to work   17.9 4 



 
Car to leisure activity  30.9 34 
Walk to leisure activity  40.4 32.5 

 

Table 4 reports the correlation between morning departure time and various activities duration. As 

mentioned in the methodology morning departure time is measured in elapsed time from midnight. A larger 

number in elapsed time means that the individual begins her first trip later in the day. In that manner, 

positive correlation between the two variables means that if the activity duration is longer the morning 

departure time is later in the morning, and negative correlation means the opposite. One would expect, for 

example, a negative correlation between work duration and elapsed time. 

TABLE 4 Correlation between departure time and activity duration 

 Workers - Chios Workers - Athens 
Work ActivityDuratio

n 
Elapsed
Time 

Activity
Duration

Elapsed
Time 

ActivityDuration 
Pearson Correlation 1 -,026 1 -,459** 
Sig. (2-tailed)  ,282  ,000 
     

ElapsedTime 
Pearson Correlation -,026 1 -,459** 1 
Sig. (2-tailed) ,282  ,000  
     

 Students - Chios Students - Athens 
Education ActivityDuratio

n 
Elapsed
Time 

Activity
Duration

Elapsed
Time 

ActivityDuration 
Pearson Correlation 1 ,028 1 -,521** 
Sig. (2-tailed)  ,643  ,000 
     

ElapsedTime 
Pearson Correlation ,028 1 -,521** 1 
Sig. (2-tailed) ,643  ,000  
     

 
 All - Chios All - Athens 
Leisure ActivityDuratio

n 
Elapsed
Time 

Activity
Duration

Elapsed
Time 

ActivityDuration 
Pearson Correlation 1 ,214* 1 -,026 
Sig. (2-tailed)  ,041  ,316 
     

ElapsedTime 
Pearson Correlation ,214* 1 -,026 1 
Sig. (2-tailed) ,041  ,316  
     

 
 NonWorkers - Chios NonWorkers - 

Athens 
Shopping ActivityDuratio

n 
Elapsed
Time 

Activity
Duration

Elapsed
Time 

ActivityDuration Pearson Correlation 1 -,150 1 -,174** 



 
Sig. (2-tailed)  ,321  ,000 
     

ElapsedTime 
Pearson Correlation -,150 1 -,174** 1 
Sig. (2-tailed) ,321  ,000  
     

*. Correlation is significant at the 0.05 level (2-tailed). 
**. Correlation is significant at the 0.01 level (2-tailed). 

 

Table 4 shows insignificant correlation between the morning departure time and the duration of work in the 

island area.  In contrast, in the urban area a strong correlation exists; longer work hours are related to an 

earlier morning departure. This is yet another indicator of the different rhythms between the two study 

areas. Morning departure hours are not influenced much by the hours someone works in the island area 

while in the urban case, work hours dictate the temporal location of the morning departure. 

The same result appears when comparing education activity duration with morning departure times in the 

student cluster of the two samples. In Athens, more education hours mean earlier morning departure time, 

but in Chios there is a positive correlation between the two variables, though not significant. This, apart 

from the variations between the two areas, has a sampling explanation, as mentioned in other parts of the 

paper, that sample in Chios contains university students, while in Athens high school students are also 

interviewed.  

Leisure activity durations comparison reveals an intriguing fact: People in the island area appear to have a 

correlation between the long duration of leisure activity and the late departure from home in the morning. 

This could be a reflection of non-working or student clusters of the sample, but it is also a sign that people 

in Chios can organize their activity patterns in a more relaxed manner. The fact that there is not a strong 

correlation between leisure activity duration and morning departure times in the urban area strengthens this 

finding.  

When we compare the duration of shopping activity with the morning departure time of the non-working 

group we find that the urban case sample shows a negative correlation between the two, indicating that long 

shopping hours need an early home departure. In Chios, there is also a negative correlation but not that 

strong and significant.  The analysis continues with a stochastic frontier (v+u) model for arrival time at 

home. Results are presented in Table 5. 

 

  



 
 
Table 5 Stochastic Frontier (v-u) model for arrival time at home 

 Departure Arrival 

 Ordinary Least 
Squares 

Frontier (v+u) Ordinary Least 
Squares 

Frontier (v+u) 

 Coefficien
t 

Coeff/S.
E. 

Coefficie
nt 

Coeff/
S.E. 

Coefficie
nt 

Coeff/S.
E. 

Coefficie
nt 

Coeff/S.
E. 

Intercept 556.90 34.19 369.15 31.06 1014.29 49.04 781.96 39.39 

1 if Chios resident; 0 
otherwise 

6.45 0.56 17.22 2.00 17.01 1.16 6.29 0.48 

1 if Female; 0 otherwise 13.33 1.19 24.55 2.92 -6.90 -0.48 0.46 0.04 

1 if age 18 or less; 0 
otherwise 

-38.01 -1.32 -36.64 -1.64 -45.82 -1.25 -38.74 -1.16 

1 if Age 65 and above; 0 
otherwise 

12.83 0.61 24.94 1.67 -33.57 -1.26 -33.46 -1.47 

1 if College and above 
education; 0 otherwise 

-7.24 -0.60 9.28 1.04 -8.28 -0.54 -11.45 -0.82 

1 if elementary highest 
education; 0 otherwise 

-38.90 -2.35 -18.75 -1.57 -55.36 -2.64 -42.13 -2.26 

1 if a business owner; 0 
otherwise 

-10.77 -0.33 -57.82 -1.87 -73.53 -1.76 -71.94 -1.87 

1 if home duties; 0 
otherwise 

44.61 2.16 41.78 2.75 -87.65 -3.34 -92.26 -3.97 

1 if unemployed; 0 
otherwise 

119.94 3.45 50.20 2.08 -67.88 -1.54 -89.93 -2.27 

1 if freelance worker; 0 
otherwise 

20.90 1.20 28.31 2.13 -12.05 -0.54 -27.50 -1.36 

1 if retiree; 0 otherwise 20.19 0.99 18.12 1.18 -119.17 -4.60 -103.33 -4.57 

1 if student; 0 otherwise 134.50 5.92 89.53 5.28 86.66 3.01 97.26 3.67 

1 in no driver's license 25.70 1.21 35.96 2.19 -50.52 -1.87 -56.31 -2.37 

1 if no cars in household; 0 
otherwise 

-8.95 -0.56 -12.65 -1.02 28.90 1.43 26.50 1.47 

1 if walked to office today; 0 
otherwise 

-8.57 -0.55 -4.40 -0.38 -83.14 -4.21 -57.21 -3.22 

1 if drove car today; 0 
otherwise 

-6.17 -0.47 -16.18 -1.66 -17.11 -1.02 -15.02 -1.00 

1 if took bus today; 0 
otherwise 

-34.38 -2.01 -31.52 -2.46 -48.86 -2.25 -29.02 -1.49 

1 if went to work today; 0 
otherwise 

-80.30 -5.56 -38.02 -3.59 52.76 2.88 80.78 4.75 

1 if went to school today; 0 
otherwise 

-71.85 -2.98 -13.63 -0.73 8.05 0.26 7.55 0.27 

1 if first activity was 
shopping, social, or 
entertainment today; 0 
otherwise 

97.16 6.62 84.19 7.27 34.71 1.86 29.87 1.81 

   Compund Error 
Variance 
  

  Compund Error 
Variance 
  

Lamda   4.26 14.35   2.61 13.69 



 
Sigma   224.06 1126.6

9 
  288.47 1167.69 

 
 
Stochastic frontiers were developed for models of production.  A production function is the ideal amount a 

unit can produce for a given set of inputs.  In empirical settings observed outputs are not ideal (maximum) 

for reasons that are due to unknown random factors and measurement error (v) that are specific to each 

observed unit and due to productive inefficiency that also varies with each observed unit (u).   Applying 

this model to the departure from home can reveal the factors affecting the "ideal" departure time.  Similarly 

for the last arrival at home in a day.    To examine the relationship between output variables (arrival at 

home) and input variables (characteristics of the person and her houshold) a regression model is created 

with dependent variable the indicator of output and independent variables the array of variables we desire 

to test for their significance in influencing arrival time.  The model we use here takes the following form: 

iiii uvxy   '        (6) 

Index i represents each tract, i=1,…,1080. Table 6 shows the estimates of the vector eta. Variable v is the 

usual random error term capturing measurement error and variable u is a positive valued offset between 

observed arrival and the ideal arrival time at home.  The random error term v is assumed to be normally 

distributed with zero mean and constant variance across observations.  The random positive valued term u 

is specified as a function of other unobserved factors that do not allow the person to come home at the 

desired time.  A similar formulation and specification was used by Pendyala (2003) in which the equivalent 

of a cost stochastic frontier (adding the u in equation 6) was used for departure and a production stochastic 

frontier (subtracting the u as in equation 6) for the arrival.  The skewness of least squares residuals can be 

used to detect if the data conform to this setting.  In this analysis we found that only cost type of frontier 

can be estimated that may indicate that the desired departures and arrivals are later than observed.  We also 

show simple linear regression models for the same data.   

 

The reference group is a combination of the excluded groups military and rentier.  Simple linear regression 

shows we have no difference in departure and arrival times between the Athens and Chios samples.  

However, if one accepts the stochastic frontier model as a valid representation of the desired departure time 

we see that Chios residents would prefer to leave 17 later than their Athenian counterparts when we take 

into account education, employment type, age and gender differences.  Employment has significant 

influence in all four models of Table 5 with persons in homeduties, retirees, and unemployed leaving home 

later and arriving home earlier than other groups, while, business owners leaving earlier than everybody 

else.  Students leave and arrive late by a considerable amount of time and they appear to have a shift of 



 
their schedule by more than an hour per day but younger students are leaving earlier (see the indicator of 

less than 18 years old) and arriving earlier at home.  Freelancers also tend to departure half an hour later 

than the reference group.  Education levels provides mixed results.  Interestingly, people that went to work 

departed earlier and came back later indicating they spend longer periods out of home in a day. Bus users 

seem to also depart earlier. This may be due to the long commute times.   

Overall the results, indicate that there are very few statistically significant differences for departure and 

arrival times between Athens and Chios. This result is unexpected, one could expect people from the urban 

location to return home at a later hour. However, the analysis also revealed that the socio-economic 

characteristics are more influential in the arrival and departure times than the location. For this reason we 

conduct an additional latent class cluster analysis, to further examine the sample. 

 

Latent Class Cluster analysis 

The initial assumption of this latent class clustering is that the lifestyle of the island differs from this of the 

urban area and this will manifest into the different tour structure people will choose. The analysis results 

are presented in Table 6: 

 

 

 

Table 6 Latent Class Cluster results 

 
Mainly 
Athens 

Mainly 
Chios 

Cluster Size  0.7323  0.2677
Indicators     
Tour Type     
PRIMARY TOUR (NO INTERMIDIATE OR SECONDARY TOUR) 0.7991  0.4635
PRIMARY TOUR & SECONDARY TOUR (NO INTERMIDIATE STOPS)  0.1959  0.1374
PRIMARY TOUR & AN INTERMIDIATE STOP  0.0031  0.3039
PIMARY TOUR WITH INTERMIDIATE STOP AND A SECONDARY TOUR  0.0018  0.0951
Covariates     
Location     
Chios  0.1769  0.9714
Athens  0.8231  0.0286
Age<I>     
1 ‐ 23  0.1472  0.347
24 ‐ 33  0.2111  0.188
34 ‐ 43  0.2052  0.144
44 ‐ 56  0.2265  0.162
57 ‐ 81  0.2085  0.159
.  0.0015  0



 
Mean  43.0423  37.4657
Gender     
Male  0.4417  0.5873
Female  0.5583  0.4127
Employment     
Not Stated  0.0351  0.0242
Employer  0.0106  0.0751
Freelancer  0.1014  0.1234
Employee  0.4512  0.2767
Housework  0.1328  0.0495
Rentier  0.0073  0
Military service (obligatory)  0.0029  0
Unemployed  0.0255  0.0223
Pensioner  0.1431  0.1297
Student  0.0886  0.2989
ModeFirstDeparture<I>     
Walking  0.1438  0.3362
Bicycle  0.0104  0.0438
Motorbike  0.0527  0.2167
Car  0.0818  0.0006
Car Driver  0.3875  0.3388
KTEL  0.019  0.0002
Special Bus  0.0115  0.0046
Taxi  0.0141  0.0055
SemiVan  0.0131  0.0123
Truck  0.0059  0.0038
Urban bus  0.1928  0.0215
Trolley  0.0205  0.0001
ISAP  0.022  0
Metro  0.0132  0
Tram  0.0088  0
Local/Municipal Transportation  0.0015  0
ActivityToPerform<I>     
Change of mode  0.1496  0.0034
Return Home  0.0037  0.0178
Work  0.3571  0.3178
Work/Other  0.0213  0.0019
Education  0.0654  0.2181
Shopping  0.1298  0.0898
Social  0.081  0.2073
Entertainment  0.0416  0.0546
Accompany other  0.0234  0
Personal business  0.1203  0.0837
Education     
No Education  0.0342  0.0267
Elementary  0.1175  0.0993
High School  0.0921  0.1168



 
Lyceum  0.3527  0.3539
IEK  0.0721  0.0432
TEI  0.0688  0.0002
AEI  0.2458  0.2776
Master  0.0153  0.0824
Cars     
1 ‐ 1  0.1418  0.2977
2 ‐ 2  0.5072  0.5243
3 ‐ 6  0.351  0.178
Mean  1.2942  0.8964
Motorcycles     
0  0.8331  0.5586
1  0.1461  0.2858
2  0.0202  0.1051
3  0.0006  0.0465
5  0  0.004
Mean  0.1883  0.6557

 

An initial examination of the tour structures from the two areas clusters reveals an important fact: People 

in the urban area tend to avoid conducting intermediate stops on their primary tours during the day. This 

could be attributed to under-reporting, but with a large sample this becomes less likely. In the island case, 

about a quarter of the sample conduct an intermediate stop on their way to their main daily activity or on 

the way home from it. On the other hand, 20% of the urban sample perform a secondary tour during the 

day, a figure that drops by almost a half on the island (13.8%). 

An explanation for these two observations could be down to the average travelling distance and travel times, 

which are larger in the urban case, and may push people living in the urban area to organize their activity 

patterns in such a way. Stopping at an intermediate destination could be difficult for a series of reasons, 

such as finding a parking spot, dealing with tight schedules and long travel times, or avoiding peak traffic 

hours; reasons not faced in the island area. It seems that people on the islands prefer to conduct their main 

and secondary activities within a single trip, before returning home. This is unexpected, as smaller distances 

and a more appealing urban structure and built environment could motivate islanders to make more tours 

and spread their activities throughout the day. 

 

Useful information from the results also include: Some demographics similar to the simple descriptive 

statistics presented earlier (Chios sample has a younger average age, more students, uses more walking as 

a mode and almost no public transport at all), a peak into the split of various activities people in each cluster 

left their homes to do and some interesting data on vehicle ownership. Ownership of 2 cars per household 



 
has over than 50% of the cases in both locations, although mean car ownership is larger in Athens. In the 

motorcycle case though, average ownership is much higher in Chios. 

Table 2 Models estimated 

 LL BIC(LL) Npar L² df p-value Class.Err. 

1-
Cluster -798.902 1618.316 3 932.211 929 0.46 0 

2-
Cluster -690.475 1579.233 29 715.3573 903 1 0.0528 

3-
Cluster -650.536 1677.124 55 635.4786 877 1 0.0632 

4-
Cluster -626.006 1805.836 81 586.4196 851 1 0.0855 

5-
Cluster -607.439 1946.472 107 549.2846 825 1 0.1263 

 

During the estimation process models with clusters ranging from 1 to 5 were estimated, as presented in 

Table 3. The 2-Cluster has the lowest BIC(LL) and the two clusters, with one containing almost all Chios 

and the other almost all Athens cases is a dichotomy of the sample that makes sense and is useful for our 

analysis. 

CONCLUSION 
This paper examines the relation between location-dependent lifestyle encountered in different places and 

the organization of society’s daily rhythms. While a multitude of studies have associated daily activity and 

travel patterns with various factors such as ICT usage, socio-economic variables, psychological traits and 

another part of the literature has compared samples from different places, this paper extends the literature 

by comparing two places that have a different lifestyle, deriving from and affecting the set and setting of 

the place. 

Results from the analysis conducted revealed significant differences in the way the daily life is organized 

between the urban and island area of this study. These results can be grouped into three axes: a) tour 

organization differs between the two areas. In the urban area people prefer to conduct a secondary tour 

through the day for their secondary activities, while in the island case people prefer to make an intermediate 

stop on their way to or from their primary activity; b) walking takes up a much larger share in modal split 

in the island area. In both cases leisure activities are associated with walking, but the proportion for the 

islanders is even larger; and c) strong correlation exists between the duration of work, education and 



 
shopping activities and early morning departure times in the urban area, while no significant correlation 

exists in the island area.  On the contrary, leisure activity duration is correlated with late morning departure 

times in the island area but not in the urban case.  Stochastic frontier analysis reveals that there is no 

significant difference between the home arrival times of individuals in the two areas , but, there are 

differences in the desired departure from home in the morning. In fact, socio-demographic data such as 

occupation or education are more significant than the location. Latent class clustering analysis provides an 

insight in the tour structure of the respondents. Respondents that tend to prefer tours with an intermediate 

stop instead of a simple secondary tour are more likely to belong to the island cluster.  

Our findings here show distinct travel behavior in each one of the two places. Physical environment is a 

main factor, the effect of which is revealed in the share walking. The less dense island environment, with 

smaller distances and safer to walk roads and neighborhoods favors walking as a mode. However bicycle 

as a mode is not affected by the above, and it is not substantial in both areas. Lifestyle differences seem to 

play a major role in all other results. The more flexible timetable of the islanders, aided by a mixture of 

smaller travel times, relaxed work schedule and proximity of various activity locations leads to the 

organization of daily patterns in a more independent manner. In fact only leisure duration seems to affect 

morning departure times in the island, while work, shopping and education activities duration absolutely 

affect the early onset of an individual’s schedule in the urban area. Concluding, different set and setting, 

and a more favoring urban environment may not result in the adoption of an active transport lifestyle or 

trend, but can lead to a more relaxed and independent management of the daily time schedules and activity  

patterns. 

Activity based models transferability should be done with respect to the variability observed between places 

and the causes of this variability. This paper has pointed out a major cause of this variability. Policy makers 

are facing a greater chance of succeeding in their goals when adjusting their decision tools to fit the lifestyle 

of the area and when consulting the local community.  

To perform the analysis here we sampled from a larger Athenian database.  By the time of the congress we 

will have completed a repetition of these comparisons with added samples to test the robustness of these 

results reported here. In addition, a more in-depth analysis can be conducted if activity diary data become 

available from Athens.  Activity patterns and time-of-day graphs could aid in the better understanding of 

the individual’s decisions. Future studies will incorporate suitable clustering and modelling, examining in 

more depth the relationship between morning departure and evening home arrival times controlling for a 

variety of traits in the sample, in both areas and in clusters of similar social and demographic characteristics.  
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