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Abstract 
This paper models the decision to engage in a discretionary activity in-home or out-of-home using binary choice models at the individual activity-level. Several binary choice models are estimated using personal characteristics, activity attributes and types. Results suggest that adding the activity attributes significantly contribute to understanding the likelihood of engaging in out of home activities. Activity type interaction terms reveals the varying influence that socio-demographics and activity attributes have over four different activity types modeled. 
1. Introduction

Individuals are presented with increasing choices in the timing and location of activities, particularly with the widespread adoption of various information and communication technologies (ICT). The increased choices brought about by technology have long been the subject of inquiry of researchers interested in the potential substitution and complementary effects of ICT on travel demand (Mokhtarian and Salomon, 2002). Activities, which were previously subject to temporal and spatial constraints, now have more flexibility about when, where and with whom they are conducted. For example, people may be able to work from home for all or part of their work day; on-line banking eliminates the need to travel to a financial institution during business hours to conduct transactions; and cable television, digital TV, and mail-order movies, combined with home theatre systems, provide more options for in-home entertainment. These choices ultimately have implications for travel demand and thus, it is important to understand the factors associated with them. 
Activity based approaches have taken hold in travel behavior aiming to understand their underlying motivations, which are rooted in the need to engage in spatially separated activities (Kitamura, 1988; Bhat & Koppelman, 1999; Pas, 1997). These approaches have generally focused on non-work activities that occur out of the home. Non-work activities cause the majority of trip making; yet, they are difficult to model because of the variability and choices associated with these activities. Out of home activities are of interest to this group because they necessitate travel. However, the increased flexibility in activity choices requires an examination of both in home and out of home activities to better understand more about the activities that generate travel and the opportunities for substitution between the two.

This paper aims to examine the decision of where to engage in a discretionary, non-work activity (in home or out of the home) using an individual, activity-level binary choice model. The effects of socio-demographic attributes of the participant and his/her household and the characteristics of the activity on the choice of activity location are examined at the individual level for each activity episode. Activity attributes of particular interest include the type of activity, frequency of episodes and persons involved.
The paper is organized as follows. A brief discussion of activity based approaches to understanding travel behavior is presented with a focus on studies of non-work activities. The review discusses activity type analysis and the various ways of aggregating activities conceptually and in empirical analysis. Based upon this review, a conceptual organization of discretionary, non-work activities is proposed to guide this work. The methodology section discusses the unique activity data set employed in this paper and the development and specification of a binary choice model of discretionary activity location. The model estimation and results are discussed. The paper concludes with a discussion of the contributions and limitations of this work and opportunities for future research in this area.
2.
Background 
One key issue in activity analysis is the groupings of activities into various activity types for analysis. The basis for these classifications is that the underlying motivations for participation in various types of activities are different and thus have distinct implications for travel demand forecasting. The classifications that have generally been adopted are similar to the following arrangement proposed in the early work of Reichman (1976):

· Subsistence activities or work-related activities which are essential to provide the financial requirements for pursuing maintenance and leisure activities

· Maintenance activities or purchase and consumption of goods to satisfy household and personal physiological and biological needs

· Leisure activities or social, recreational and other discretionary hobbies motivated by cultural and psychological needs 

It is this latter classification of activities that is of concern in this paper. Leisure activities are thought to have the most discretion in their scheduling and execution. Within this group of activities, other sub-aggregations have been proposed based upon the nature of the activity, type of outcome, level of physical or mental exertion and location. Several of these classifications are reviewed in Mokhtarian et al. (2004). 
Passmore and French (2001) suggest a simple classification of three groups: 1) achievement leisure (playing sports, hobbies, creative and performance arts); 2) social leisure (activities for the purpose of being in the company of others); and 3) time-out leisure (listening to music, watching TV, contemplation). In a study by Bhat and Lockwood (2004), recreational episodes are grouped into four groups based on whether the episode is a physically active one or a physically passive one and a travel episode without a specific destination (for example, running around the neighborhood, a car ride starting and ending at home, etc.) or an activity episode pursued at a specific out-of-home location that requires travel as a means to get to the location. For travel episodes, an episode is defined as an active one if it involves the use of a non-motorized mode. As a result, Bhat and Lockwood (2004) propose four types of recreational activities:1) physically active travel; 2) physically active activity; 3) physically passive travel; and 4) physically passive activity.
Bhat et al. (2006) combines these concepts to group activities based upon their degree of substitution, location, and physical activity. They argue that when the activities serve for the different functional needs of individuals and households, they are imperfect substitutes. For example for leisure activities, social, out of home recreation and out of home non-maintenance activities are taken as imperfect substitutes, whereas in the context of out of home recreation activity, physically passive (going to movies), partially physically active (spectator sports) or physically active (exercising) are considered as perfect substitutes.  As a result of their logic, they use a 13-category classification of leisure activities and analyze individual’s time-use across leisure activities.
A number of activity-based modeling studies, as reviewed below, have addressed the issue of the location of activities - in home and out of home activities, the travel generated, and the interaction between them. These papers examine various aspects of activity location but none have focused on the influence of the nature or inherent characteristics of the activity itself. 

Golob and McNally (1995) used the methodology of structural equation models to develop a joint model of out-of-home activity participation and the resultant travel of male and female couples who are heads of households. They have categorized the activities into three groups as work, maintenance and discretionary. Their research aimed to identify the interactions between activity participation and travel and between the two individuals being modeled. 

Yamamoto and Kitamura (1999) formulated a doubly censored Tobit model to examine the individuals’ allocation of time to in-home and out-of-home discretionary activities on weekdays and weekends, using a weekly time-use data set from the Netherlands. The explanatory variables in the model are work schedules, commute characteristics, as well as residential, household and personal attributes. Their estimation results show that individuals who work on a given day tend not to engage in discretionary out-of-home activities. However, those who work more hours per week do tend to spend a larger fraction of their discretionary time out-of-home. Individuals who spend more time commuting spend more time on in-home discretionary activities. Gender does not, by itself, seem to affect in-home/out-of-home time allocation, but child rearing does. Larger households tend to be more in-home oriented, while income and number of vehicles and flexible work hours are not significant explanatory variables with respect to the allocation of time to in-home versus out-of-home activity participation.

Bhat and Misra (1999) formulated a model for the allocation of total weekly discretionary time of individuals between in-home and out-of-home locations between weekdays and weekends. They used the 1985 time-use survey conducted in the Netherlands. They used household socio-demographics, individual socio-demographics, and work related characteristics as the explanatory variables. 

Bhat and Gossen (2004) introduced a mixed multinomial logit model for the type of recreational activity episodes that the individuals participate during the weekend using the 2000 San Francisco Bay Area Travel Survey. The type of the recreational activities are grouped as in-home, out-of-home and pure recreational. They examined the effects of household and individual socio-demographics, land-use mix and density variables and activity participation occasion variables.

Lu and Pas (1999) suggest that socio-demographics have both direct and indirect (via the activity participation decision) affects on travel behavior and propose that travel behavior could be explained better by including activity participation endogenously in the model (including the interactions between in-home and out-home activity participation). The model is estimated using structural equation models using data from the Oregon-Southwest Washington Activity and Travel Survey of 1994/1995. The respondents in this survey were asked to report not-only their out-of-home activities and the related travel, but also in-home activities. The authors grouped the 28 activity categories of the survey under four headings; subsistence, maintenance, recreation and other and these are further grouped into in-home and out-of-home. 
Doherty (2003) has called for replacing these traditional activity groupings with more salient attributes of the activities, including their frequency, duration, travel required, and flexibility. In this paper, we contribute to this literature by incorporating several activity attributes for discretionary activities. Binary logit models are used to estimate the location (in-home versus out-of-home) of discretionary activities and described in more detail in the next section.
3.
Methodology

In order to examine the impact of personal and activity attributes on the choice of activity location, binary logit models are estimated using an activity based data set. The contribution of this analysis resides in the examination of the choice of activity location as a function of activity attributes, rather than using activity location as a parameter for categorizing activity groups. Descriptions of the data and model specification are below.
3.1. Discretionary Activity Groups
The discretionary activities should be aggregated into categories that better distinguish the inherent characteristics of activity types. In this paper, we have chosen four conceptual categories, based upon the degree of physical, mental or social engagement and consistent with the previous work in this area (Mokhtarian et al., 2004; Passmore and French, 2001). The conceptual groupings are explained below.  

1) Active activities: These activities require the participant to engage in an activity, physically or mentally, in a way that affects the outcome (Mohktarian et al., 2004). In this research exercising, going to gym, playing and going to parks are considered as active activities as they involve physically active participation. Hobbies are also considered as active activities as an individual’s involvement in these activities changes the outcome of the activity. This consideration is also consistent with the category ‘achievement leisure’ used by Passmore and French (2001).  

2) Passive activities: These activities are strictly spectator activities where the participant does not affect the outcome. Examples include watching television or movies or attending in sporting events. These activities are similar to ‘time out leisure’ category used by Passmore and French (2001).

3) Eating activities: Eating activities may not be considered discretionary in the sense that satisfying nutritional needs is a requirement for health and well being. However, taking meals often has a great deal of choice in the scheduling, duration and location and eating is often considered a social event if other people are involved. In this category, all eating activities: in-home eating (whether social or alone), restaurants, snacks and coffees are taken into consideration.

4) Social- interactive activities: In these activities socializing and interacting with others are the primary aims. Examples include meetings friends for drinks, visiting with family members, or attending a party. These activities are grouped as ‘social leisure’ in Passmore and French’s research.
3.2. Activity Data
The models are estimated using the 2003 CHASE (Computerized Household Activity Scheduling Elicitor) data, which provide a rich source of detailed information about the scheduling of daily activities, their location, travel incurred and the behavioral processes underlying activity choices for a seven-day period (Doherty, 2003). The CHASE data were collected from 354 adult individuals in the Toronto metropolitan area, recording nearly 29,000 activities over the seven day study period. The 354 adults in the sample yielded a total of 7,255 uniquely labeled activities which form the units of analysis. Each of these activities had a wide range of attributes recorded, including:

· Location: including out-of-home activities that have direct implication for travel, and exclusively in- home activities which represented 51.7% of the 7255 total activities.

· Type labels: including a unique label specified by the subjects (Buying groceries, playing hockey, etc.) and a specific type label assigned by the research team (grocery, active sport, etc.). These labels were assigned for analytical purposes, and include 52 specific types.

· Salient attributes: frequency, duration, number of involved persons, travel time, temporal flexibility, spatial flexibility, and interpersonal flexibility.

Socio-demographic information is collected for each participant and their household. Table 1 shows the socio-demographics of the study participants. For each activity event, information is collected about where, when, with whom, and duration of time the activity occurred, the sequence of activities throughout the week, and information about the travel necessitated by activity engagement. Nearly 75% of these activities occur within the home. 
Table 1. Sample Characteristics
	
	%
	
	%

	Household size
	
	Income
	

	   1 person households
	15.3
	   Low (<30k)
	35.9

	   2 person households
	25.4
	   Medium (31-75k)
	43.2

	   3 person households
	23.7
	   High (>75)
	20.9

	   4 & 4+ person households
	35.6
	Vehicle Ownership
	

	Gender
	
	   0 car
	11.0

	   Female
	54.4
	   1 car
	49.4

	   Male
	45.6
	   2 car
	34.8

	Age
	
	   3 car
	4.8

	   Young  (18-30)
	16.4
	Employment status
	

	   Middle  (30-50)
	54.0
	Full time
	65.5

	   Old  (>50)
	29.6
	Part time
	11.9

	
	
	Not employed
	20.1


The 15 specific types of discretionary activities in the CHASE data were aggregated according to the four categories discussed above: active, passive, eating and socially interactive. The detailed activities comprising each category are shown in Table 2 below, as well as descriptive information about the average  in-home and out-of-home durations, the distribution of location (in home or out of home) and average travel times. 
Table 2. Discretionary activity classifications
	
	
	Location

	
	
	In-home
	Out-of-home

	
	
	% N
	Duration (minutes)
	% N
	Duration (minutes)
	Travel (minutes)

	
	N
	%
	Mean
	%
	Mean
	Mean

	Active
	842
	33.1
	77.8
	66.9
	91.7
	21.1

	Hobbies
	168
	78.6
	93.7
	21.4
	136.0
	46.9

	Exercise
	609
	18.9
	58.5
	81.1
	87.3
	19.4

	Playing
	65
	49.2
	81.3
	50.8
	109.9
	16.8

	Eating
	3524
	86.5
	41.9
	13.5
	59.5
	16.4

	In home meal
	3081
	98.2
	41.9
	1.8
	48.8
	17.2

	Restaurants
	326
	5.2
	49.0
	94.8
	72.8
	19.0

	Coffee and snacks
	117
	3.4
	38.8
	96.6
	28.2
	8.8

	Passive
	2306
	94.1
	98.0
	5.9
	147.4
	29.7

	Watching TV
	1992
	98.8
	96.6
	1.2
	113.6
	15.2

	Watching video
	209
	95.2
	112.6
	4.8
	134.4
	11.7

	Spectator events
	105
	2.9
	75.0
	97.1
	156.7
	31.2

	Social-Interactive
	1275
	32.1
	124.7
	67.9
	159.4
	25.5

	Other recreational
	198
	45.5
	103.8
	54.5
	138.0
	28.6

	Hosting visitors
	235
	96.2
	141.3
	3.8
	86.8
	20.7

	Visiting
	424
	2.8
	98.8
	97.2
	176.6
	25.8

	Planned social events
	136
	10.3
	178.2
	89.7
	190.5
	32.6

	Cultural events
	126
	12.7
	112.4
	87.3
	130.2
	20.1

	Other social events
	156
	32.7
	83.5
	67.3
	115.1
	18.2


3.3. Binary Choice Models 
Discrete choice models are based on the random utility theory, which assumes that the decision maker’s preference for an alternative can be captured by the value of an index, called utility. It is assumed that the decision maker chooses the alternative that yields the highest utility. The probability of any alternative i being selected from a choice set Cn is given by the following: 
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Where, U is the utility of the given alternative. 

Because the analyst will have imperfect information about an individual’s utility level, uncertainty is introduced into the utility equation (Ben Akiva and Lerman, 1985). Equation 2 represents the utility (Uin) of alternative i in the choice set Cn for decision-maker n. 

Uin = Vin + εin 










[2]

Vin is the systematic (or representative) component; (in is the random component. 
In this paper, two alternatives are available to the decision maker: 1) participating in an activity event in the home or 2) participating in an activity event out of the home. To model this decision, binary logit models are specified. The binary logit model arises from the assumption that the difference of the error terms is logistically distributed. Under this assumption the choice probability for alternative i is given by: 
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4.
Binary Choice Models – In home and out-of home 

4.1. Model Specification

In the model proposed in this study the choice set contains two choices for discretionary activity location: in-home and out-of home. The attributes (independent variables) included in the utility model are summarized as: 

· A group of household and individual characteristics

· Household size

· Individual age

· Individual income in ($5000s)
· Number of autos per adult

· Female (1, if female; 0 otherwise)

· Education (1, if holds a bachelor degree or higher; 0 otherwise)
· A group of variables related to involved people in the activity 
· Involved number of children

· Involved number of adults
· A group of variables related to the temporal characteristics

· Duration of the activity (in 10 minute increments)

· Travel duration (in 10 minute increments)
· Frequency observed over the week
· The amount of time spent doing household sustaining and work activities during the day of the activity (in 30 minute increments)

· Timing of the activity ( whether the activity is performed in the morning, during the day, in the evening or night time)

· Variables related to the previous and following activity locations (1, if out of home; 0 if in home)
· Activity types (active, passive, social interactive and eating)
As a result the utility of choosing a location, i, for an activity, n, could be written as:

Ui,n= 

(0


(constant)

+ (1…k 
(X1…k)

(household and individual characteristics) 
+ (k+1…m  (Xk+1…m )
(involved people in the activity) 
+ (m+1…p (Xm+1…p)
(temporal characteristics)
+ (p+1…q (Xp+1…q)
(previous and following activity locations) 
+ (q+1…t (Xq+1…t) 
(activity types)

+ (out-home,n
For each activity episode an individual has two choices; perform the activity in-home or out-of-home.  The dataset does not include information on the alternatives the individuals did not choose. As a result, for the episodes the individual chose in-home location, the travel that would have been incurred if the individual had chosen out-of-home location is not known. As understanding the attributes of travel time is critical from the transportation point of view, for the cases that in-home choice is selected, the authors assigned anticipated travel times for the out-of-home alternative. The authors first calculated the mean travel time for each activity specific type (15 types) at the individual level (for 354 individuals). Then these values were assigned to each out-of-home alternative the individuals did not choose. Some individuals did not have any travel record for certain activity types. For this reason the authors generated 12 lifestyle groups based on gender, employment status (employed/unemployed), age (younger than 30, between 30 and 55, older than 55) and calculated the mean travel time for each activity specific type for each lifestyle groups. The missing travel times at the individual level is then replaced by the travel times calculated at the lifestyle level. As a result, for each activity episode, the out-of-home location alternative has a travel time; revealed (if the individual had chosen out-of-home) or estimated (if the individual had chosen in-home).
4.2. Binary Choice Models
Based upon this specification, five models are estimated to examine the impact of socio-demographics, activity attributes and types on the choice to engage in an activity out of the home. The results of the estimation are shown in Table 4. All models are statistically significant at the 99% confidence level, ρ<0.001 for the χ2 test. Model 1 is specified based on the household and individual characteristics only. Variables related to involved people in the activity, the temporal characteristics of the activity and the day, the previous and following activity locations and finally the activity types are added sequentially to the model. The log-likelihood when only the alternative specific constant (specific to out-of-home) is included in the model is -4483.43. A log-likelihood ratio test clearly rejects the null hypothesis that all independent variable coefficients are zero for all models. Besides, the results reveal that adding the variable groups sequentially increases the statistical explanatory power of each model with respect to the previous model. 
Table 3 Binary logit models of out of home location choice 

	
	Dependent variable: Out-of-home Location Choice

	
	Model 1
	Model 2
	Model 3
	Model 4
	Model 5

	
	Coef.
	z value
	Coef.
	z value
	Coef.
	z value
	Coef.
	z value
	Coef.
	z value

	Constant (specific to out-home)
	0.377
	(2.92)
	0.065
	(0.48)
	3.490
	(16.80)
	1.872
	(8.15)
	0.124
	(0.43)

	Household and individual related variables

	Household size
	-0.131
	(6.95)
	-0.127
	(5.93)
	-0.034
	(1.30)
	-0.023
	(0.83)
	-0.003
	(0.11)

	Individual age
	-0.031
	(14.76)
	-0.033
	(15.10)
	-0.025
	(9.17)
	-0.017
	(5.55)
	-0.026
	(7.82)

	Income
	0.028
	(7.52)
	0.031
	(7.97)
	0.029
	(5.77)
	0.024
	(4.63)
	0.021
	(3.66)

	Autos per adult
	-0.125
	(1.72)
	-0.008
	(0.11)
	-0.147
	(1.61)
	-0.114
	(1.20)
	0.033
	(0.31)

	Female
	0.103
	(1.80)
	0.124
	(2.13)
	0.251
	(3.44)
	0.307
	(3.95)
	0.161
	(1.83)

	Education
	0.179
	(3.25)
	0.178
	(3.18)
	0.207
	(2.99)
	0.151
	(2.07)
	0.184
	(2.21)

	Variables related to involved people in the activity

	Involved children
	
	
	-0.201
	(4.60)
	-0.258
	(4.96)
	-0.221
	(4.07)
	-0.265
	(4.27)

	Involved adults
	
	
	0.328
	(13.74)
	0.195
	(6.33)
	0.129
	(3.97)
	0.142
	(3.79)

	Variables related to the temporal characteristics of the activity

	Activity duration
	
	
	
	
	0.034
	(8.06)
	0.044
	(9.36)
	0.037
	(6.77)

	Travel duration
	
	
	
	
	-0.538
	(13.82)
	-0.494
	(12.33)
	-0.474
	(11.99)

	Weekly frequency
	
	
	
	
	-0.374
	(33.29)
	-0.373
	(31.70)
	-0.312
	(23.34)

	Hh sustaining duration
	
	
	
	
	-0.047
	(5.48)
	-0.028
	(3.10)
	-0.041
	(4.01)

	Work duration
	
	
	
	
	-0.012
	(2.54)
	-0.019
	(3.76)
	-0.021
	(3.61)

	For the following variables, daytime is the comparison group.

	Morning
	
	
	
	
	-0.099
	(0.91)
	0.169
	(1.43)
	0.046
	(0.35)

	Evening
	
	
	
	
	-0.705
	(7.98)
	-0.395
	(4.14)
	-0.099
	(0.93)

	Night
	
	
	
	
	-1.304
	(12.69)
	-0.824
	(7.37)
	-0.341
	(2.59)

	Variables related to previous and following activity locations (binary; out-of-home=1)

	Following
	
	
	
	
	
	
	1.193
	(14.43)
	1.408
	(14.82)

	Previous
	
	
	
	
	
	
	1.279
	(16.50)
	1.458
	(16.56)

	Activity types (The comparison group is the eating activities)

	Active
	
	
	
	
	
	
	
	
	3.593
	(23.80)

	Eating
	
	
	
	
	
	
	
	
	0.816
	(5.72)

	Social 
	
	
	
	
	
	
	
	
	2.399
	(17.84)

	Observations
	
	7863
	
	7863
	
	7863
	
	7863
	
	7863

	Log likelihood (at convergence)
	-4325.2
	
	-4219.2
	
	-2855.1
	
	-2578.5
	
	-2086.1

	Log likelihood (no coefficients)
	-5450.2
	
	-5450.2
	
	-5450.2
	
	-5450.2
	
	-5450.2

	Log likelihood (constants only)
	-4483.4
	
	-4483.4
	
	-4483.4
	
	-4483.4
	
	-4483.4


Absolute value of z-statistics in parenthesis, bold coefficients are significant at the 5% level

4.3. Discussion of Results 
The parameter estimates from discrete choice models, must be transformed to yield estimates of the marginal effects, that is, the change in predicted probability associated with changes in the explanatory variables (Greene, 2003). As Model 5 is the most comprehensive model, the marginal effects are calculated based on this model. The following table, Table 4 reports the changes in the probability of choosing out-of-home location by incremental changes of the independent variables. 

Table 4 Marginal effects

	
	Marginal Effect (%)

	Household and individual related variables

	   Household size
	-0.290

	   Individual age
	-0.214

	   Income
	0.175

	   Autos per adult
	0.278

	   Female
	1.294

	   Education
	1.501

	Variables related to involved people in the activity

	   Involved children
	-2.163

	   Involved adults
	1.160

	Variables related to the temporal characteristics of the activity

	   Activity duration
	0.302

	   Travel duration
	-3.940

	   Weekly frequency
	-2.541

	   Household sustaining duration during the day
	-0.330

	   Work duration during the day
	-0.171

	(For the following variables, daytime is the comparison group)

	   Morning
	0.360

	   Evening
	-0.810

	   Night
	-2.775

	Variables related to previous and following activity locations (out-of-home=1)

	   Following
	11.473

	   Previous
	11.875

	Activity types (The comparison group is the eating activities)

	   Active
	28.911

	   Eating
	6.242

	   Social 
	19.202


According to the model results, activity attributes appear to have a greater impact on the activity location than socio-demographics. The household size does not have a significant impact on the activity location choice, but income and being female increases the propensity of involving in discretionary activity out of home. The age of the individual is negatively associated with the engagement of an out of home discretionary activity. 
As the number of adults involved in an activity increases, the propensity of choosing out-of-home location increases; whereas as the number of children involved in a discretionary activity increases, the propensity of choosing out-of-home decreases. 

The activity duration is positively associated with engaging in an out of home activity. The model results reveal that as the travel time increases, people are less likely to perform discretionary activities out-of-home. The amount of time spent in work and maintenance activities appear to be related to the location choice of leisure time activities. Time spent at work and household sustaining activities during the day is negatively and significantly associated with leaving home to participate in a discretionary activity. As the weekly frequency increases, the probability of participating in an out-of-home discretionary activity decreases. Compared to discretionary activities performed during daytime, activities performed at night are more likely to be performed at home. 
The characteristics of previous and following activities have a significant impact on the location of an activity. If a following or previous activity is located out of home, the likelihood that the specific event occurs out-of-home increases. 
The measures of interest – activity types– were significant. Compared to the passive activities, the other types of discretionary activities are more likely to be performed out of home.  
4.4. Binary Choice Model with Activity Type Interaction Terms

Inspired by how including activity types as independent variables in the model increases the explanatory power of the model, activity type interaction terms are generated and added to the model in order to capture the varying affects of the independent variables over the different activity types. 
The model is demonstrated in Table 4 as Model 6. Adding the interaction terms increases the power of the model compared to the 5th model (χ2 (54) = 611.8 and ρ<0.001) and enables us to better capture the effects of the independent variables over the different activity categories. 
The overall effect and the activity specific effect, captured by the interaction terms, may have different magnitudes and signs, illustrating the varying influence that various variables have on the location choice of specific activities. 

Table 4 Model 6: Activity type interaction model 
	
	Dependent variable: Out-of-home Location Choice

	
	
	
	Active
	Eating
	Social-interactive

	
	Coef. 
	z value
	Coef. 
	z value
	Coef. 
	z value
	Coef. 
	z value

	Constant (specific to out-home)
	-2.978
	(3.75)
	
	
	
	
	
	

	Household and individual related variables

	Household size
	0.046
	(0.51)
	-0.082
	(0.73)
	-0.017
	(0.15
	0.075
	(0.7)

	Individual age
	-0.024
	(2.20)
	-0.012
	(0.9)
	0.042
	(3.23)
	-0.019
	(1.55)

	Income
	0.05
	(3.18)
	-0.031
	(1.54)
	-0.011
	(0.54)
	-0.051
	(2.70)

	Autos per adult
	0.208
	(0.65)
	0.105
	(0.25)
	-0.388
	(0.97)
	0.295
	(0.77)

	Female
	-0.013
	(0.05)
	-0.134
	(0.41)
	0.953
	(2.97)
	-0.05
	(0.17)

	Education
	0.803
	(3.17)
	-1.293
	(4.08)
	-0.602
	(1.95)
	-0.401
	(1.37)

	Variables related to involved people in the activity

	Involved children
	-0.123
	(0.66)
	-0.635
	(2.65)
	-0.008
	(0.04)
	-0.124
	(0.58)

	Involved adults
	0.521
	(3.88)
	0.859
	(3.75)
	-0.17
	(1.09)
	-0.751
	(5.21)

	Variables related to the temporal characteristics of the activity

	Activity duration
	0.069
	(4.54)
	-0.063
	(3.23)
	0.047
	(1.72)
	-0.033
	(1.99)

	Travel duration
	-0.158
	(1.2)
	-0.61
	(4.15)
	-2.328
	(8.08)
	-0.54
	(3.71)

	Weekly frequency
	-0.45
	(8.58)
	0.361
	(6.01)
	-0.08
	(1.33)
	0.289
	(4.51)

	Hh sustaining duration
	-0.043
	(1.31)
	0.034
	(0.86)
	-0.034
	(0.86)
	-0.01
	(0.28)

	Work duration
	-0.035
	(2.05)
	0.049
	(2.17)
	0.001
	(0.02)
	0.033
	(1.56)

	For the following variables, daytime is the comparison group.

	Morning
	-0.608
	(1.03)
	0.915
	(1.42)
	0.369
	(0.57)
	-0.207
	(0.32)

	Evening
	-0.119
	(0.34)
	0.056
	(0.13)
	-0.296
	(0.71)
	-0.021
	(0.05)

	Night
	-0.681
	(1.77)
	-0.408
	(0.84)
	0.47
	(0.95)
	0.425
	(0.95)

	Variables related to previous and following activity locations (binary; out-of-home=1)

	Following
	1.912
	(6.60)
	-1.399
	(3.81)
	0.22
	(0.64)
	-0.714
	(2.10)

	Previous
	1.628
	(6.70)
	-1.227
	(3.76)
	0.399
	(1.31)
	-0.32
	(1.09)

	Activity Type 
	
	
	6.448
	(6.28)
	4.852
	(4.98)
	5.896
	(6.29)

	Observations
	
	
	
	
	
	
	
	7863

	Log likelihood (at convergence)
	
	
	
	
	
	-1780.2

	Log likelihood (no coefficients)
	
	
	
	
	
	-5450.2

	Log likelihood (constants only)
	
	
	
	
	
	-4483.4


Absolute value of z-statistics in parenthesis, bold coefficients are significant at the 5% level
4.5. Discussion of Results of the Activity Type Interaction Model

The interaction terms in Model 6 allow exploration of the impact of specific variables by activity type. The authors preferred to keep all the interaction terms in the model for the sake of completeness. While some of the interaction terms are not statistically significant, they still provide useful insights for the analysis. 

The results in Table 5 show that some of the socio-demographic variables have different influence on activity location for each activity type. The increasing age of the individual tend to increase the probability of staying at home for active, passive and social discretionary activities but is positively associated with out of home eating activities. This is not surprising since, as people advance in the life cycle, they are more likely to have financial resources to eat meals in restaurants. Increasing income raises the propensity to conduct passive, active and eating activities out of home; however higher income is negatively associated with out-of-home social interactive activities. There may be several reasons for this, one being; people with higher incomes are more likely to own homes to entertain or host others for their social activities. 
Surprisingly, being female increases the probability of eating out of home. However the gender affect is not significant for the other discretionary activity types. Education (having a bachelor’s degree or higher) tends to increase the probability of going out for discretionary activities except for active activities.  The negative effect of education on out-of-home location choice for active activities may be due to the fact that the hobbies are included in the active activity group and people with higher education are more likely to have hobbies to perform at home, such as playing the piano, painting, etc. 
As the number of adults involved in the activity increases, the propensity of going out increases for all types of activities except for social-interactive activities. This could be explained by the fact that people may prefer staying at home and hosting their friends at home, as the number of people involved in the social interactive activity gets larger. Compared to passive activities, the number of people involved in the activity affects the out-of-home choice to a higher extent for active activities. As the number of children involved in the active activity goes up, the probability of out of home choice decreases.  
As the activity duration increases, the tendency to perform discretionary activities out of home increases for all types.  However, the negative and statistically significant interaction coefficients of active and social interactive activities reveal that compared to passive and eating activities, the duration’s influence on out-of-home location choice is smaller in magnitude for active and social activities.  As the travel time increases, people are less likely to go out for their discretionary activities in general. This effect is smaller in magnitude for passive activities and higher for eating activities compared to active and social interactive activities. 

The timing of the activity during the day has an impact on the out of home location choice as well. The findings of this aspect may be useful to understand the daily rhythm of traveling and discretionary activity participation, thus the combined temporal-spatial patterns. Unfortunately, the interaction terms are not statistically significant; however, they still reveal important tendencies. One of the expected findings is that people are more likely to go out of home for the morning active activities, while they tend to stay home for all other types of discretionary activities. While the activities performed during night time are more likely to be at home, this affect varies in magnitude among the activity types. Compared to active and passive activities, social interactive and eating activities are more likely to be performed out of home at night time.  

As the observed frequency of the activity over the week increases, the probability of performing this activity in home increases for all discretionary activities. The positive and significant interaction coefficients for active and social activities reflect that the location choice for these activities is less dependent on the weekly frequency compared to passive and eating activities. 

The time spent for work related activities during the specific day of the discretionary activity decreases the propensity of performing an out of home discretionary activity. Compared to passive and eating activities, this affect is less in magnitude for social interactive activities. This is not surprising as with increasing working hours, people will have less time for in-home social activity preparation (such as hosting) and they would prefer going out for their social activities. Besides, as the time spent for work related activities increase, the probability of going out for active activities increase as well. This may be due to the fact that people would prefer performing their hobbies which are usually conducted in-home and have longer durations over the weekend or non-working days. The relation between working hours and out of home exercising is an area which needs further exploration. 
If the previous and following activities are out-of-home, it is more likely that the individuals would prefer out-of-home locations for their discretionary activities. However, these affects are smaller in magnitude for active and social-interactive activities. It is expected that the location choice for active and social interactive activities to be less dependent on the previous and following activity locations. This difference may be due to the daily routine of the people, eating activities at lunch, etc. 
5.
Conclusions 

This paper contributes to the literature on activity analysis by exploring the relationships between the choices of location of discretionary activities using attributes of the activities.  One important finding of this study is the statistically significant affects of the activity groupings on the location choices. More work is needed to understand what these results mean for overall travel demand. For example how these activity choices are related to the full array of activities that occur over the day and week, and how they influence travel behavior. Future work will include: adding built environment variables to the model to understand how the location of activities varies by urban form and jointly modeling activity location and mode choice. 
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