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Overview	
•  Briefly	on	Triggers	
•  Data	Used	
•  Mul0level	Cluster	Models	

-	Persons	within	households	

-	Households	over	0me	

•  AOtudes	vs	Longitudinal	Travel	Behavior	

•  Next	Steps?	
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General	Mo0va0on	of	this	Research	

•  We	change	land	use	to	change	behavior	(e.g.,	higher	
density	and	diversity	of	opportuni0es)	

•  We	change	car	ownership	rules	to	change	behavior	
(e.g.,	incen0ves	for	hybrid	electric	cars)	

•  We	extrapolate	from	cross	sec0onal	differences	
changes	over	0me	(e.g.,	rich	and	poor)	–	we	know	it	is	
wrong!	

•  We	NEED	a	longitudinal	tool	to	tell	us	what	happens	
when	“things”	change	inside	and	outside	the	
household	

•  We	need	models	that	can	be	used	in	large	scale	
dynamic	ac0vity	simulators	
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MIXED	MARKOV	LATENT	CLASS	
&	PAST	FINDINGS		

The	tool	used	here	
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We	Observe	2	households	

Time T=0 T=1 T=2 T=3 

Number of 
cars or trips 
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Derive	Clusters	of	Behavior	(Red-Yellow-
Green)	=	pa?erns	(call	them	States)	

Time 

Pattern 

A 

B 

C 

T=0 T=1 T=2 T=3 
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Iden0fy	Groups	of	Households	of	
Different	Sequences	of	Pa?erns	(solid	

vs	dashed)	=	classes	

Time 

Pattern 

A 

B 

C 

T=0 T=1 T=2 T=3 

Solid Line = Household 1 Dashed Line = Household 2  
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Parameters	of	Dynamics	=	switching	among	pa?erns	by	
different	classes	&	probabili0es	of	switching	

Time 

A 

B 

C 

T=0 T=1 T=2 T=3 

Solid Line = Person 1 Dashed Line = Person 2 

1δ 1δ

2δ

BA
43τ

CB
43τ

A, B, C are states = behavioral clusters  Pattern 



MMLC	
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-  includes a multi-category latent variable (w) representing 
household heterogeneity and its categories called classes;  

-  uses many “dependent” or response variables (y) forming 
another set of categorical latent variables (x) at 10 time points 
and its categories are called states; 

-  transitions from one state at one time to another state at 
another time point are estimated using a probability model 
and they are functions of triggers; 

-  uses and tests the effect of covariates (Zs) of many different 
specifications of the models; and 

-  is a model-based clustering approach providing probabilistic 
membership of observations in clusters of classes, clusters of 
states, and probabilities of transitions from state to state 
over time.  



Transi0ons	
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Change from State A to State B at time t 

Difference in 
sociodemographics 
and land use between 
t-1 and t 

Difference in 
sociodemographics 
and land use 
between t and t+1 

Elapsed Time  and 
Time Squared from 

1989 

Average Intra 
household Age 



Significant	Triggers	
(variables	that	are	significant	in	the	transi0on	models)	

•  Workers	(mixed	causality)	
•  Children	6-17	(increase	ac0vity)	
•  Mean	Age	(aging	decreases	ac0vity)	
•  Adults	(increase	ac0vity)	
•  Increase	in	young	children	no	impact	
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Significant	Triggers	
(variables	that	are	significant	in	the	transi0on	models)	

•  Density	(Number	of	Business	Establishments	
and	Employees)	
– Significant	but	mixed	impacts	
– We	get	mixed	indica3ons	from	the	0.5	miles	and	
2.0-2.5	mile	annulus	

•  Diversity	(Shannon	index)	
– Land	use	div.	increase	within	0.5	more	likely	to	
stay	at	same	behavior	

– Diversity	decreases	travel	
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GOOD	BUT	NOT	ENOUGH!	
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Specific	Ques0ons	of	the	Presenta0on		
(bring	aOtudes	in	longitudinal	models)	
•  Do	people	with	different	aOtudes	live	
together?	

•  Do	aOtudes	early	in	a	person’s	life	persist	in	
its	effect	in	later	years?	

•  Can	we	iden0fy	dis0nct	aOtudinal	(x-sec0on)	
and	behavioral	(over	0me)	groups	and	study	
systema0c	differences	among	them?	
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DATA	USED	
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•  3.7	million	residents	

•  4	coun0es	
•  82	ci0es	and	towns	
•  26	regional	growth	
centers	
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Puget	Sound	
region	

Source:	www.psrc.org	



•  Puget	Sound	Transporta0on	Panel,	1989	–	
2002	
–  Indicators	of	travel	behavior	over	0me	

•  Na0onal	Establishments	Time	Series,	1990	–	
2002	
–  Indicators	of	land	use	over	0me	
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Data	
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Puget	Sound	Transporta0on	Panel	
(PSTP)	

•  The	first	general-purpose	trans.	household	panel	survey	in	USA	
•  Administered	on	the	same	households	and	persons	within	each	

household	repeatedly	over	0me.	
•  Started	in	1989	with	irregular	intervals	–	10	waves	to	2002	
•  Collected		

–  Household	demographics,		
–  Persons’	social	&	economic	informa0on,		
–  Travel	behaviour	through	two-day	travel	diary	
–  AOtudes	about	different	aspects	of	trans.	system	

•  Added	Technology	Ques3ons	in	1997,	1999,	2000,	2002	
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Puget	Sound	Transporta0on	Panel	
Des0na0ons	span	the	en0re	region	



Two-part	Analysis	
	
•  AOtudes	about	carpooling,	

transit,	and	private	car	use	
•  23	aOtudinal	ques0ons	
•  2,472	persons	in	1,362	

households	
•  Test	homophily	(birds	of	a	feather	

hypothesis)	
•  Use	mul0level	cluster	analysis	to	

classify	people	and	households	
jointly	

•  Behavior	over	0me	1989	-	2002	
•  230	households	that	par0cipated	

in	all	ten	waves	of	PSTP		
•  Use	the	informa0on	about	

aOtudes	to	explain	trajectories	of	
behavior	

•  Use	changes	in	land	use	to	
explain	transi0ons	from	one	type	
of	behavior	to	another	

•  Use	changes	in	demographics	to	
explain	transi0ons	of	behavior	
from	one	type	to	another	
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ATTITUDE	GROUPS	(CLUSTERS)	

21 



Mul0-level	Latent	Class	Clustering	
(persons	in	households)	

22 

index l (l=1,..., L) is used for the person groups and the index h (h=1,..., H) 
for the household groups. f(ykji│xkj=l,wk=h) is the conditional density for 
variable i of individual j in household k given his/her membership in person-
level class l and household level class h.  
P(xkj=l|wk=h) is the probability that individual j of household k belongs to 
latent class l given that his/her household belongs to latent class h. P(wk=h) 
is the probability that household k belongs to latent class h.  
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(based on data from the US Census of 2000) in Seattle and its surroundings. The survey started in 1989 and ended in 
2002 in the four counties (King, Kitsap, Pierce, and Snohomish) of the Puget Sound region in the Northwest corner 
of the continental US surrounding Seattle. In each wave a household questionnaire and a two-day travel diary are 
administered on households. In this way, we accumulate households that participated at multiple time points. PSTP 
takes similar measurements of travel behavior repeatedly on the same observations over time. Each wave of the 
PSTP includes a two-day travel survey that collects information on household demographics, person social and 
economic circumstances, and reported travel behavior on two consecutive days for each person 15 years or older. 
Available data are from ten travel surveys in the years 1989, 1990, 1992, 1993, 1994, 1996, 1997, 1999, 2000, and 
2002. More details about this panel can be found in the annotated bibliography in 
http://www.psrc.org/assets/1488/PSTP_bibliography.pdf.  

We use two portions of PSTP. The first portion contains 2,472 persons in 1,362 households that participated in 
the 1990 survey of which 1,865 persons answered all 23 attitudinal questions about mode perceptions and degree of 
satisfaction with transportation services. These questions are mostly instrumental and affective by Steg's 
classification (Steg, 2005). We also include the missing data persons and households because as we will see later 
they are substantially different from the respondents of the attitudes and display different behaviors. The second 
portion contains 230 households that participated in all ten waves and we verify if people with positive attitudes for 
some modes are consistently using these modes over time.  

3. Multilevel Latent Class Clustering of Attitudes 

In the past few years, a unifying framework of multilevel and longitudinal clustering and classification 
algorithms that merge latent modeling with latent class classification became available (Vermunt & Magidson, 
2013). The definition of the multilevel models used here follow (Lukočienė, et al., 2010). We use data from answers 
to 23 attitudinal questions (i=1,..., 23) by j individuals (j=1,..,nk). The index k is used for the households and they are 
1,205. The sum of all nk is 1,865 individuals that provide attitudinal information. Different individuals belong to the 
same household (k=1,...,1,205) and they give us the opportunity to examine how people with possibly different 
attitudes (heterophily) combine in the same household and if this has any impact on residential location and travel 
behavior.  

In the following equations we use ykji to represent the i response variables (i=1,..., 23) of 23 attitudinal responses. 
The two level classes are at the individual level (denoted by categorical variable xkj) and the household level 
(denoted by categorical variable wk). f(Yk) is the marginal density of the entire response Yk to the 23 questions of 
household k. f(Ykj|wk=h) is the conditional density of the response vector (Ykj) of individual j in household k 
conditional on the membership of household k to the latent class h.  Both membership variables are categorical and 
their response densities can be written as follows. 
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In these equations the index l (l=1,..., L) is used for the person groups and the index h (h=1,..., H) for the 

household groups. In equation 2, f(ykji�xkj=l,wk=h) is the conditional density for variable i of individual j in 
household k given his/her membership in person-level class l and household level class h. P(xkj=l|wk=h) is the 
probability that individual j of household k belongs to latent class l given that his/her household belongs to latent 
class h. P(wk=h) is the probability that household k belongs to latent class h. The number of classes for both levels 
and any restrictions of equalities among the probabilities here constitute the specification of the multilevel model. 
We follow the recommendations in Lukočienė, et al., 2010, and Yu and Park, 2014, to identify number of classes in 
different stages of model estimation. Estimation of this model uses Maximum Likelihood Estimation (Vermunt & 
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Fig. 1. Car Lovers, Carpool & Transit Lovers, and Neutral Persons 

In cluster analysis that uses probability models one can classify individuals either assigning an individual to the 
category with the highest probability (called modal assignment in the specialist literature of latent class models) or 
give a weight to each individual for each category of the latent class variable that is proportional to the probability of 
membership. Figure 2 top half shows these two classifications jointly with persons and households. In both methods 
households in Gclass1 contain individuals that are predominantly neutral and for this reason we name this group 
"neutral." Gclass 2 contains a large number of car loving individuals (particularly when modal classification is used) 
and we call these households "car oriented." Gclass3 are the households with the majority of the carpool and transit 
lovers and we give the household a similar label "carpool & transit oriented." The lower half of Figure 2 also 
includes the persons and households with missing attitudinal information. Note that all household groups have some 
individuals that did not provide answers to attitudinal questions.  

Table 2 reveals more details about the within household composition of the different classes. Gclass4 (missing 
data) has older individuals, more females, and a much lower number of employed persons. The composition of 
individuals (neutral, car-lovers, carpool/transit lovers) are very different, and their social demographics are also 
different. For example, car-lovers in the car-oriented and carpool & transit oriented households are much older (4-5 
years) than the ones in the neutral group, carpool & transit lovers in their corresponding household group has more 
women compared to the neutral household group. The gender ratio of car-lovers in both neutral and car-oriented 
group are almost half-and-half, but it is very different in the carpool & transit oriented group; and only 31% of them 
are women. Notable, however, are also similarities among the groups in terms of average number of employed 
persons (as well as a high percentage) and average number of women. Car-lovers are somewhat younger in the car 
oriented and neutral households. Table 3 is a cross classification of attitude clusters for pairs of persons (ID1 and 
ID2 that are usually the two oldest persons in a household) in the same households. Only about one third (381 
persons) of the persons listed in Table 3 (total of 960) are classified in the same person-based clusters. In addition, 

0.000

1.000

2.000

3.000

4.000

5.000

6.000

7.000

8.000

Class	1	(neutral	persons) Class	2	(car	lovers) Class	3	(carpool	&	transit	lovers)

Person Attitude Groups 

1: Very strongly disagree, 2: Strongly disagree, 3: Somewhat disagree, 4: Neutral, 5: Somewhat agree, 6: Strongly agree, 7: Very strongly agree  
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car lovers and carpool/transit lovers do not live together (only 6), instead, they cohabit most often with persons in 
the neutral cluster. This is not symmetric when we examine the carpool/transit oriented households where we see a 
much higher diversity of views. All this contradicts the hypothesis of homophily in attitudes (McPherson et al., 
2001). 

 

 

Fig. 2. Composition of Households and their Latent Classes (Gclass) 
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Findings	in	Part	1	of	Analysis	

We	find	mix:	
•  Car	lovers	tend	to	live	with	car	lovers	or	with	
neutrals			

•  Carpool/transit	lovers	tend	to	live	with	
carpool/transit	lovers,	neutrals,	but	also	car	
lovers	

•  Lack	of	strong	homophily	(reject	the	bird	of	a	
feather	hypothesis)		
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TRAVEL	BEHAVIOR	

26 



•  Na0onal	Establishments	Time	Series	(1990-	2000+2002)	
–  Geocoded	establishments,	aggregated	to	750m2	grid	cell	
–  Industry	type,	no.	of	employees,	total	sales	 27 

Na0onal	Establishments	Time	Series	

		
		
		



•  Density	(#	of	
employees)		

•  Diversity	(employees	
per	industry	type)	

28 

Density	and	Diversity	



Annuli	Surrounding	Residences	

29 



Land	use	Characteris0cs	Surrounding	
Home	(<0.5	mile)	in	1990,	1996,	2002		
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Use	the	aOtude	classifica0on	from	
part	1	for	both	persons	and	

households	just	to	verify	if	we	can	see	
differences	in	behavior	

	
	
	
	

(my	note:	skip	to	37	if	running	out	of	0me)	
31 
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Figure 3 shows the 230 household classification in attitude clusters with a clear repetition of the patterns in the 
larger sample. Note however the relative closeness of reported Likert scores among the three groups here.  

 

 

Note: the pie chart shows the number households and after the comma the percentage in the sample 

Fig. 3. Cluster Membership of 230 Stayer Households in PSTP 

For each household using data from the National Establishment Time-Series (NETS) Database (a byproduct of 
the Dunn&Bradstreet inventory of business establishments) we enumerate land use characteristics surrounding its 
residence. To do this, we build concentric circles surrounding each household residence as buffers (0.5, 1.0, 1.5 
miles). For each buffer we count the number of business establishments and compute the density as the total number 
of employees in business establishments. We also compute a Shannon Index (function of mix of proportions of each 
business type). Both density and diversity increased between 1990 and 2002 due to the economic development in 

Subset of Households for Whom we have 10 waves of data (1989-2002)  
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this area (a more detailed analysis of the data is provided in Lee et al., 2015). This allows us to examine residential 
location that is one of the most important correlates with attitudes.  

The land use characteristics of 230 households’ home locations are shown in Figure 4. The transit & carpool 
oriented group has a very distinct pattern, their surrounding areas can be described as high-density and high-
diversity areas in terms of business establishments in their neighborhoods for all three radii we used here. The other 
three groups are similar with each other residing in lower density environments. This is particularly pronounced in 
the car oriented households that show a consistent preference for neighborhoods with very low employee density 
within the 0.5 mile radius and for this have the smallest activity opportunities within walking distances. Presumably 
these are neighborhoods with urban forms typical of the cul-de-sac suburbs. 

 

 

Fig. 4. Residential Location Characteristics of the Four Household Groups 

What 
happens 
around their 
homes? 
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The relationship between attitudes, travel behavior and the built environment was examined in Wang and Chen, 
2012, for commuting trips and they found car ownership is a significant determinant for mode switching.  Figure 5 
shows the evolution of car ownership levels for the 230 households with very interesting trends.  The number of 
vehicles in households started in 1989 with very similar car ownership levels regardless of their initial attitudes 
towards travel modes. The car oriented households maintained their car ownership levels consistently above the 
overall mean and most of the time higher than the neutral group, which is also higher than the overall mean. The 
carpool & transit oriented group shows consistently a tendency to decrease its car ownership level eventually 
reaching the lowest of all groups, the missing attitudes one. This latter group is also living in environments with 
lower density and diversity exposed to lower levels of activity opportunities. 

 

 

Fig. 5. Car Ownership Levels of the Four Household Groups 

We turn now to the travel behavior indicators from 1989 to 2002 in Figure 6. The car driving modes (alone and 
with relatives) take the lion's share of trip making for all groups. Across household groups, driving alone shows an 
increase in variance over time with the missing attitudes households decreasing to the lowest levels and the car 
loving households showing substantial reduction in the last half of the panel.  The car oriented households also show 
over time the highest number of miles traveled except for the first year (1989) and the last year when distance was 
measured (2000). This group also shows a decrease in miles travelled and in activity time out of home.  

The carpool and transit oriented households show consistent behavior with their attitudes. They drive less than 
the other groups and they show a U-shaped temporal evolution in their walk and bike trips together with a rapid 
decrease in transit but both indicators are substantially higher than all three other groups. The neutral group appears 
to also be the "middle of the road" group with indicators that are hovering around the mean trend. However, in the 
half-end of the panel they emerge as the highest group of driving alone, increase their walk and bike trips, and stay 
out of home the longest.   

Households with missing attitudes have the least travel distance and the least amount of time in out of home 
activities. They also drive their cars the least. This group of households in 2002 has an average household age of a 
little lower than 72 years while the other three groups range between 54 and 57 years old. Recalling these 
households have the lowest car ownership levels and live in areas with sparse opportunities for activity participation, 
we see a group of persons that are somewhat isolated and disenfranchised that would also most likely be the least 
motivated to offer their opinions about infrastructure that they do not use much. It is also important to note the lack 
of major differences between the neutral households and the car oriented households and this is partially explained 
by the mix of persons with different attitudes in the household that are balancing each other in within household 
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sums of behavioral indicators. Exploration of this balancing requires more in depth analytical longitudinal studies 
along the directions of Goulias et al. (2008), in which we find that aging does not lead to relocation in places that 
offer more public transportation options. Instead task reallocation, activity scheduling, and car sharing satisfy the 
need to be active. 

 

 
 
Fig. 6 Travel Behavior Indicators of the Household Groups 
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sums of behavioral indicators. Exploration of this balancing requires more in depth analytical longitudinal studies 
along the directions of Goulias et al. (2008), in which we find that aging does not lead to relocation in places that 
offer more public transportation options. Instead task reallocation, activity scheduling, and car sharing satisfy the 
need to be active. 

 

 
 
Fig. 6 Travel Behavior Indicators of the Household Groups 
 

  

Consistency 
of transit 
lovers and 
their 
behavior! 

Missing 
attitudes 
people are 
least active 
(in surveys 
are also a 
group that 
does not 
participate) 
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The	Mul0level	Longitudinal	Latent	Class	
Model	(0me	points	within	persons)	

230 households at 10 time points 
Groups (latent classes) based on drive alone trips, car sharing trips, transit trips, 
bike and walk trips, number of cars, employment density around the household 
residence, and employment diversity around the household residence.  
 
Seven variables (q=1,..., 7) and  
k for the households (k=1,..,nk). nk  = 230.  
l for the behavioral variables,  
t for the 10 time points (Equations 3 and 4). The index k goes from 1 to 230. The 
sum of all nk is 2,300 households that provide answers in the 10 waves of the 
panel.  

 Lee and Goulias / Transportation Research Procedia 00 (2016) 000–000 13 

6. Longitudinal Multilevel Analysis of Behavior 

Although we found that households’ travel attitudes appear to be correlated with longitudinal travel behavior in 
descriptive analysis, longitudinal patterns of travel behavior changes can be captured in a better way with Multilevel 
latent class analysis and allows testing hypotheses about correlation between attitudes and longitudinal behavior. We 
analyze the Table 4 statistics using another set of multilevel models on the 230 households and this time we use as 
latent class variables the drive alone trips, car sharing trips, transit trips, bike and walk trips, number of cars, 
employment density around the household residence, and employment diversity around the household residence. We 
use q for the seven variables (q=1,..., 7) and k for the households (k=1,..,nk). Equations 1 and 2 apply to this model 
as well but the indices we use this time are l for the behavioral variables, k for households as in the previous 
multilevel model, and t for the lowest level that are the 10 time points (Equations 3 and 4). The index k goes from 1 
to 230. The sum of all nk is 2,300 households that provide answers in the 10 waves of the panel. To distinguish this 
model from the Equations 1 and 2 we use the variable v for the categorical latent class membership variable. This 
time we have time points within households. Index t signifies the time points and index q the behavioral variables.  
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In this multilevel model we take into account the repeated answers to the same questions about travel behavior 
and residence location for each household. In other analyses we employed different types of models designed for 
longitudinal data that are better for the analysis of behavioral change due to household structure changes and 
changes in the residential environment and tested their role as triggers of behavioral modification (Goulias et al., 
2015, Lee et al., 2015, and McBride et al., 2016). In the analysis here we are only searching for relatively 
homogeneous groups of longitudinal household behavior and then study their correlation with attitudes. In the 
analysis we focus on the impact initial attitudes have on patterns of travel behavior over time.  This analysis yields 4 
household level behavioral classes. The first class (blue color in all graphs) is the most populous with more than half 
the sample and the highest car ownership (Figure 7).  

 

 

Figure 7 Household Behavioral Groups and Car Ownership 

Figure 8 shows this class is the second highest in number of children (both children age groups) and is the second 
youngest group. This group is also the highest in trips driving alone (Figure 9), has the highest car ownership 
(Figure 10) and maintains the highest car use for many of the panel waves (Figure 11), has the second highest car 
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6. Longitudinal Multilevel Analysis of Behavior 

Although we found that households’ travel attitudes appear to be correlated with longitudinal travel behavior in 
descriptive analysis, longitudinal patterns of travel behavior changes can be captured in a better way with Multilevel 
latent class analysis and allows testing hypotheses about correlation between attitudes and longitudinal behavior. We 
analyze the Table 4 statistics using another set of multilevel models on the 230 households and this time we use as 
latent class variables the drive alone trips, car sharing trips, transit trips, bike and walk trips, number of cars, 
employment density around the household residence, and employment diversity around the household residence. We 
use q for the seven variables (q=1,..., 7) and k for the households (k=1,..,nk). Equations 1 and 2 apply to this model 
as well but the indices we use this time are l for the behavioral variables, k for households as in the previous 
multilevel model, and t for the lowest level that are the 10 time points (Equations 3 and 4). The index k goes from 1 
to 230. The sum of all nk is 2,300 households that provide answers in the 10 waves of the panel. To distinguish this 
model from the Equations 1 and 2 we use the variable v for the categorical latent class membership variable. This 
time we have time points within households. Index t signifies the time points and index q the behavioral variables.  
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In this multilevel model we take into account the repeated answers to the same questions about travel behavior 
and residence location for each household. In other analyses we employed different types of models designed for 
longitudinal data that are better for the analysis of behavioral change due to household structure changes and 
changes in the residential environment and tested their role as triggers of behavioral modification (Goulias et al., 
2015, Lee et al., 2015, and McBride et al., 2016). In the analysis here we are only searching for relatively 
homogeneous groups of longitudinal household behavior and then study their correlation with attitudes. In the 
analysis we focus on the impact initial attitudes have on patterns of travel behavior over time.  This analysis yields 4 
household level behavioral classes. The first class (blue color in all graphs) is the most populous with more than half 
the sample and the highest car ownership (Figure 7).  

 

 

Figure 7 Household Behavioral Groups and Car Ownership 

Figure 8 shows this class is the second highest in number of children (both children age groups) and is the second 
youngest group. This group is also the highest in trips driving alone (Figure 9), has the highest car ownership 
(Figure 10) and maintains the highest car use for many of the panel waves (Figure 11), has the second highest car 
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sharing but below average in transit and walk & bike trips (Figures 9 and 11). These are also the households with the 
lowest density and diversity of business around their dwellings (Figure 11). We name these households the Younger 
Suburbanites. The second group (orange and about 22% of the sample) has very few transit and walk & bike trips, 
below average trips driving alone and car sharing with relatives. This group lives is denser environments that 
increase in density over time but maintain similar and high levels of diversity. This is also the second highest 
average age group and we call them the Older Urbanites. The third group (green and about 12% of the sample) are 
households with the lowest household age, has the most children and the most workers. This group also lives in the 
highest density urban environments with diversity that increases over time. This group also has the second highest 
car ownership levels and most important the highest car sharing and walk and bike trips. We call this group the 
Active Young Urbanites group.  

The last group (yellow and about 11% of the sample) is the oldest of the four groups here and has the least 
number of children, lives in neighborhoods that seem to be in the fringe between urban and suburban environments 
but has the most number of trips by public transportation and the least trips driving alone and car sharing with 
relatives but the second highest number of trips walking and biking (Figure 11). This is also the group with the 
lowest car ownership and a few households have no car (Figure 10). We call this group the Transit Older 
Suburbanites.   
 

 

Fig. 8. Average Demographics Across the Ten Waves 
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Fig. 9. Average Behavioral Indicators Across the Ten Waves 

Fig. 10. Class Specific Car Ownership Evolution 
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Fig. 11. Class Specific Longitudinal Behavioral Characteristics  
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33% of their households displaying positive attitudes towards carpooling and transit. Recall these are also the 
households with the highest number of car sharing with family trips. 

In another test we examine the relationship between homophily (same attitudes) in the household and behavior 
(Table 6) and we see a fairly even distribution of behavioral classes among households in which all people agree in 
their attitudes and households with members of different attitudes. This indicates disagreement in terms of attitudes 
within a household does not equate to different behavior than the households displaying the same within household 
attitudes. 

Table 5. Behavioral Classes Cross-Classified with Attitudinal Classes 

 Chi square: 44.874, df:9,  
Contingency Coefficient = 0.404 

Behavior GClass 

Total Younger  
Suburbanites 

(Blue) 

Older  
Urbanites  
(Orange) 

Active 
Young 

Urbanites  
(Green) 

Transit Older 
Suburbanites 

(Yellow) 

Attitude 
GClass 

Neutral 
Count 53 17 9 6 85 
% within Attitude GClass 62.4% 20.0% 10.6% 7.1% 100.0% 
% within Behavior GClass 42.1% 33.3% 33.3% 23.1% 37.0% 

Car-oriented 
HH 

Count 29 13 4 0 46 
% within Attitude GClass 63.0% 28.3% 8.7% 0.0% 100.0% 
% within Behavior GClass 23.0% 25.5% 14.8% 0.0% 20.0% 

Carpooling& 
Transit-
oriented HH 

Count 16 6 9 17 48 
% within Attitude GClass 33.3% 12.5% 18.8% 35.4% 100.0% 
% within Behavior GClass 12.7% 11.8% 33.3% 65.4% 20.9% 

Missing 
Count 28 15 5 3 51 
% within Attitude GClass 54.9% 29.4% 9.8% 5.9% 100.0% 
% within Behavior GClass 22.2% 29.4% 18.5% 11.5% 22.2% 

Total 
Count 126 51 27 26 230 
% within Attitude GClass 54.8% 22.2% 11.7% 11.3% 100.0% 
% within Behavior GClass 100.0% 100.0% 100.0% 100.0% 100.0% 

 

Table 6. Attitudinal Homophily Cross-Classified with Behavioral Class 

 Chi square: 0.118, df:3. 
Contingency Coefficient = 0.023 
 

Behavior GClass 

Total Younger  
Suburbanites 

(Blue) 

Older  
Urbanites  
(Orange) 

Active 
Young 

Urbanites  
(Green) 

Transit Older 
Suburbanites 

(Yellow) 

H
om

op
hi

ly
 All others 

(missing, 
disagree) 

Count 98 40 21 21 180 
% within Homophily 54.4% 22.2% 11.7% 11.7% 100.0% 
% within Behavior GClass 77.8% 78.4% 77.8% 80.8% 78.3% 

Same Attitude in 
Household either 
1,2,3 

Count 28 11 6 5 50 
% within Homophily 56.0% 22.0% 12.0% 10.0% 100.0% 
% within Behavior GClass 22.2% 21.6% 22.2% 19.2% 21.7% 

Total 
Count 126 51 27 26 230 
% within Homophily 54.8% 22.2% 11.7% 11.3% 100.0% 
% within Behavior GClass 100.0% 100.0% 100.0% 100.0% 100.0% 

8. Summary and Conclusions 

In this paper we provide a summary of two types of analysis. First, using an array of 23 attitudinal data from 
2,472 persons in 1,362 households about carpooling, transit, and private car use we identify groups of people with 
similar answers. To do this we analyze attitudinal data with a multilevel latent class clustering method that allows 
identification of groups of persons and groups of households jointly. Among the persons analyzed we find car lovers 
(people with positive attitudes to car use), carpool and transit lovers (people with positive attitudes to carpooling and 
transit), neutral (people in between the other two groups), and people that do not offer answers to the attitudinal 
questions (missing). Jointly with the person groups we also identify four household groups that are aligned with car 
orientation, carpool/transit orientation, neutrality, and missing. The first three groups contain a mix of the person-

Younger suburban dwellers more likely to be neutral (42%), car-oriented (23%) and with 
missing attitudes (22%).  
The transit older suburbanites are car-pool and transit oriented households (65.4%).  
This is also the behavioral class with the least car driving alone and car sharing with 
relatives trips.  

Active young urbanites and suburbunites have a substantial presence of neutral 
attitudes households (about 33% in both) but the  
Young active suburbanites has 33% of their households displaying positive attitudes 
towards carpooling and transit.  These are also the households with the highest 
number of car sharing with family trips.  
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33% of their households displaying positive attitudes towards carpooling and transit. Recall these are also the 
households with the highest number of car sharing with family trips. 

In another test we examine the relationship between homophily (same attitudes) in the household and behavior 
(Table 6) and we see a fairly even distribution of behavioral classes among households in which all people agree in 
their attitudes and households with members of different attitudes. This indicates disagreement in terms of attitudes 
within a household does not equate to different behavior than the households displaying the same within household 
attitudes. 

Table 5. Behavioral Classes Cross-Classified with Attitudinal Classes 

 Chi square: 44.874, df:9,  
Contingency Coefficient = 0.404 

Behavior GClass 

Total Younger  
Suburbanites 

(Blue) 

Older  
Urbanites  
(Orange) 

Active 
Young 

Urbanites  
(Green) 

Transit Older 
Suburbanites 

(Yellow) 

Attitude 
GClass 

Neutral 
Count 53 17 9 6 85 
% within Attitude GClass 62.4% 20.0% 10.6% 7.1% 100.0% 
% within Behavior GClass 42.1% 33.3% 33.3% 23.1% 37.0% 

Car-oriented 
HH 

Count 29 13 4 0 46 
% within Attitude GClass 63.0% 28.3% 8.7% 0.0% 100.0% 
% within Behavior GClass 23.0% 25.5% 14.8% 0.0% 20.0% 

Carpooling& 
Transit-
oriented HH 

Count 16 6 9 17 48 
% within Attitude GClass 33.3% 12.5% 18.8% 35.4% 100.0% 
% within Behavior GClass 12.7% 11.8% 33.3% 65.4% 20.9% 

Missing 
Count 28 15 5 3 51 
% within Attitude GClass 54.9% 29.4% 9.8% 5.9% 100.0% 
% within Behavior GClass 22.2% 29.4% 18.5% 11.5% 22.2% 

Total 
Count 126 51 27 26 230 
% within Attitude GClass 54.8% 22.2% 11.7% 11.3% 100.0% 
% within Behavior GClass 100.0% 100.0% 100.0% 100.0% 100.0% 

 

Table 6. Attitudinal Homophily Cross-Classified with Behavioral Class 

 Chi square: 0.118, df:3. 
Contingency Coefficient = 0.023 
 

Behavior GClass 

Total Younger  
Suburbanites 

(Blue) 
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Urbanites  
(Orange) 

Active 
Young 

Urbanites  
(Green) 

Transit Older 
Suburbanites 

(Yellow) 

H
om

op
hi

ly
 All others 

(missing, 
disagree) 

Count 98 40 21 21 180 
% within Homophily 54.4% 22.2% 11.7% 11.7% 100.0% 
% within Behavior GClass 77.8% 78.4% 77.8% 80.8% 78.3% 

Same Attitude in 
Household either 
1,2,3 

Count 28 11 6 5 50 
% within Homophily 56.0% 22.0% 12.0% 10.0% 100.0% 
% within Behavior GClass 22.2% 21.6% 22.2% 19.2% 21.7% 

Total 
Count 126 51 27 26 230 
% within Homophily 54.8% 22.2% 11.7% 11.3% 100.0% 
% within Behavior GClass 100.0% 100.0% 100.0% 100.0% 100.0% 

8. Summary and Conclusions 

In this paper we provide a summary of two types of analysis. First, using an array of 23 attitudinal data from 
2,472 persons in 1,362 households about carpooling, transit, and private car use we identify groups of people with 
similar answers. To do this we analyze attitudinal data with a multilevel latent class clustering method that allows 
identification of groups of persons and groups of households jointly. Among the persons analyzed we find car lovers 
(people with positive attitudes to car use), carpool and transit lovers (people with positive attitudes to carpooling and 
transit), neutral (people in between the other two groups), and people that do not offer answers to the attitudinal 
questions (missing). Jointly with the person groups we also identify four household groups that are aligned with car 
orientation, carpool/transit orientation, neutrality, and missing. The first three groups contain a mix of the person-

Disagreement in terms of attitudes within a household does not equate to 
different behavior than the households displaying the same within household 
attitudes  



Specific	Ques0ons	of	the	Paper	

•  Do	people	with	different	aOtudes	live	together?	
•  Yes	but	lack	symmetry	
•  Do	aOtudes	early	in	a	person’s	life	persist	in	its	
effect	in	later	years?	

•  Yes	
•  Can	we	iden0fy	dis0nct	aOtudinal	(x-sec0on)	and	
behavioral	(over	0me)	groups	and	study	
systema0c	differences	among	them?	

•  Yes	but	within	hh	differences	don’t	ma?er	

47 



Related	Papers		
•  Lee	J.	H.	and	K.G.	Goulias	(2017)	A	Decade	of	Dynamics	of	Residen0al	Loca0on,	Car	Ownership,	

Ac0vity,	Travel	and	Land	Use	in	the	Sea?le	Metropolitan	Region.		Paper	to	be	presented	at	the	22nd	
Interna0onal	Symposium	on	Transporta0on	and	Traffic	Theory,	July	2017,	Northwestern	University,	
Evanston,	IL.	

		
•  McBride	E.,	J.H.	Lee,	A.	Lundberg,	A.W.	Davis.	and	K.	G.	Goulias,		(2016).	Behavioral	micro-	

dynamics	of	car	ownership	and	travel	in	the	Sea?le	metropolitan	region	from	1989	to	2002.	
European	Journal	of	Transport	and	Infrastructure	Research,	16(4),	735-753.	

		
•  Lee,	J.	H.,	Davis,	A.	W.,	&	Goulias,	K.	G.,	2015.	Triggers	of	behavioral	change.	Paper	presented	at	the	

Interna0onal	Choice	Modelling	Conference	2015,	Aus0n,	May	10-13.	GEOTRANS	REPORT	
2015-05-01.	

•  Goulias	K.	G.,	J.H.	Lee,	and	A.W.	Davis	(2015)	Longitudinal	Mixed	Markov	Latent	Class	Analysis	of	
the	1989	to	2002	Puget	Sound	Transporta0on	Panel	Data.		Paper	presenta0on	at	the	94th	Annual	
Mee3ng	of	the	Transporta3on	Research	Board,	Washington,	D.C.,	January	11-15,	2015.	Also	
published	as	GEOTRANS	Report	2014-8-04,	Santa	Barbara,	CA.	

48 



•  Many	Thanks	
&	

•  Ques0ons?	



EXTRA	NOTES	

50 



Long-term 
Activity &

 Travel 
Planning
(LATP)

Daily 
Activity & 

Travel 
Scheduling 

(DATS)

Activity Time Allocation
- Frequencies by activity type
- Home departure time
- Daily time budget
- Activity type, duration, and location
- Travel time and mode

Daily Scheduling
- Activity type, duration, and location
- Travel time and mode

Schedule Updating
- Addition
- Deletion
- Re-sequence

Schedules for all People in the Region 
Legend:

External component

Component not modeled 
in the proposed system

Component modeled 
in the proposed system

Activity 
Pattern

Travel
Pattern

Activity Pattern 
in Previous Year

Travel Pattern
in Previous Year

Long-term
transition

Long-term
transition

Activity Pattern 
on Previous Day

Travel Pattern
on Previous Day

Short-term
transition

Short-term
transition

Po
lic

y 
C

ha
ng

es
Person

Characteristics

Household 
Socioeconomics

Long-Term
Activity-Travel

Environment

Instantaneous 
Activity-Travel

Environment

Transportation
Network &

Activity
Distribution

Demographic 
Forecasting

Planned Activity List

The June Ma Model 

51 



BEHAVIORAL	FRAMEWORK	
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Principles	of	Behavioral	Dynamics		

•  The	household	and	its	members	in	their	
surrounding	environment	are	in	a	conNnuous	
process	of	adjustment	

•  Examples:		
– Life	cycle	and	turning	points	in	life	
– Day	to	day	scheduling	of	ac0vi0es	
– Time	alloca0on	among	household	members	and	
others	in	the	social	network	(social	capital)	

– Ac0vity	opportuni0es	and	travel	0me	

53 Source: combination of Oxford 1988 conference, Kitamura 2000 Handbook of 
Transport Modeling (Eds Hensher&Button) 



Principles	of	Behavioral	Dynamics	

•  Processes	of	Adjustment	with	Lags	and	Leads	
–  Informa0on	awareness	and	use	=	short	and	long	lags	
depending	on	context	

–  Searching	for	alterna0ves	=	length	of	search	is	
func0on	of	behavioral	style	(op0mizing	vs	sa0sficing)	

–  Experimenta0on	=	effort	to	se?le	and	transac0on	
costs	

–  Capability	constraints	=	purchasing	and	0me	budgets	
–  Ins0tu0onal	constraints	=	external	and	internal	to	
household	obliga0ons	
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What	are	Some	Triggers?	

•  Physiological	altera3ons	(e.g.,	hormonal	
changes	that	alter	physical	and	social	selves)	

•  Transi3ons	(e.g.,	age-graded	movement	into	
and	out	of	social	roles	such	as	school	grades	
or	loss	of	a	parent)	

•  Turning	points	(e.g.,	events	that	cause	
reorienta0on	of	priori0es	and	las0ng	
altera0ons	of	a	person’s	developmental	
trajectory)		
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What	Happens?	

•  Triggers	create	barriers	or	offer	new	
opportuni0es.			

•  Lead	to	changes	in	roles,	self-concepts,	lifestyles,	
worldviews,	and	disposi0ons	towards	other	
people.			

•  Impact	behavior	depending	on	their	0ming	and	
dura0on,	the	socio-economic	characteris0cs	of	
the	individual	such	as	gender	and	sexual	
orienta0on,	and	ethnic	and	social	class.		
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Examples	of	Triggers	
•  Marriage			
•  divorce	
•  building	a	family	and	birth	of	children		
•  entering	a	new	in0mate	rela0onship	
•  separa0on		
•  entering	school		
•  choosing	occupa0on		
•  engaging	in	nonoccupa0onal	studies		
•  gradua0on		
•  con0nuing	studies		
•  dropping	out	of	school		
•  job	seeking		
•  job	loss		
•  re0rement		
•  star0ng	first	job		
•  star0ng	private	enterprise/prac0ce		
•  Change	is	constant!		

•  declaring	bankruptcy		
•  moving	to	another	community		
•  leaving	home	
•  travelling	somewhere	far	away		
•  moving	temporarily	to	another	place	

entering	military	or	community	service		
•  loss	due	to	death	of	close	member	
•  geOng	a	new	apartment		
•  geOng	a	vaca0on	home		
•  change	in	leisure	ac0vi0es	and	hobbies		
•  drug	use	and	abuse		
•  commiOng	crime(s)		
•  religious	engagement	
•  psychological	crises		
•  own	illness		
•  illness	of	close	member		
•  accidents	
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Principles	of	Behavioral	Dynamics	

•  Heterogeneity*	
– Differences	of	lifestyles	&	roles	(observed,	
unobserved,	and	unobservable)	

– Differences	in	types	of	rela0onships	(observed,	
unobserved,	and	unobservable)	

– Differences	in	sensi0vity	to	changes	in	the	
environment	surrounding	the	household	(observed,	
unobserved,	and	unobservable)	

*Note	the	unobserved	heterogeneity	effects	on	illusions	
of	state	dependence/habit		
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Decision	Making	in	Context	
•  Iner0a	and	“s0ckiness”	of	habits	=	awer	searching	and	

experimenta0on	households	avoid	transac0on	costs	
•  Thresholds	=	decisions	to	change	behavioral	pa?ern	based	

on	a	cost-benefit	analysis	of	breaking	habits	
•  Sa0sficing	=	habitual	behavior	may	be	at	a	lower	point	than	

op0mum		
•  Proper0es:	

–  Par0al	(gradual)	adjustments	possibly	observed	during	search	
and	experimenta0on	

–  Speed	of	adjustment	depends	on	the	decision	and	context	
–  Path	dependency	in	adjustments	that	depends	on	knowledge		
–  Asymmetry	and	hysteresis	of	change	(path	to	increase	different	
than	path	to	decrease	–	e.g.,	car	ownership	and	job	loss)	
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•  Associate	changes	in	behavior	to	lifecycle	turning	points	
–  Shiw	in	social	roles	

–  Shiw	in	long-term	plans	
60 

Urban	Informa0cs	Possible	Evolu0on	



(Longitudinal)Data	to	Test	Dynamic	
Hypotheses	

•  Panel	Surveys*		
–  Life	cycle	changes	
–  Long	vs	short	term	decisions	
–  Leads	and	lags	

•  Before	Awer	Experiments	
–  Impose	a	change	
–  Ask	ques0ons	tailored	to	decision	and	context	

•  Direct	tracking	
–  GPS	family	
–  Combina0ons	with	panels	and	experiments	
	

*Note	the	long	research	record	on	panel	survey	design	and	
countering	of	panel-specific	issues	(non-response,	a?ri0on,	
fa0gue,	condi0oning,	incomplete	change	observed)	 61 
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Data	We	Use	(background)	

Approach	 Design	

No.	of	
Measurem
ents	per	
Sample	
Unit	

Type of Variation Measured 

Among	
Sample	
Units	

Within	
Sample	
Units	

In	the	
Popula0on	
Over	0me	

Cross-Sec0onal	
One	0me	 One	 Yes	 No		 No	

Repeated	 One	 Yes	 No	 Yes	

Panel	
(Longitudinal)	

Panel	
(PSTP)	

Two		or	
More	 Yes	 Yes	 Usually	No	

Rota0ng	
Panel	

Two	or	
more	 Yes	 Yes	 Yes	



Analy0cal	Tools	

•  Stochas0c	Processes	
–  Renewal	processes	
– Markov	renewal	processes	
– Markov	processes	
– Markov	chains	

•  Discrete	0me	regression	models	
–  Linear	
– Distributed	lags	
–  Lagged	dependent	variables	
– Non-linear	models	
– Dynamic	models	

63 Note: Structural equations models and computational process models could also 
be included here – not in RKs review but used by his group and collaborations 



Travel	behavior	dynamics	
(Pam	Dalal	Disserta0on)	

•  Behavioral	dynamics	
in	ac0vity	scheduling	

•  Macrodynamics		
•  moving	through	life	

cycle	stages	

•  Mesodynamics		
•  lags	and	leads	in	

behavioral	change	

•  Microdynamics		
•  planning	for	a	day	
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Daily	travel	behavior	

Ac0vity-
template	

Learning	

Execu0on	

Microdynamics	

Macrodynamics	

Mesodynamics	

Life	cycle	agenda	

Impulsiveness	Habit	

Adapta0on	



Life	course	theory	
•  Over	a	life	course,	

how	does	behavioral	
change	manifest	over	
Nme	

•  Life	course	theory	
–  Stability	and	change	in	

long-term	behavior	
•  Drivers	for	behavioral	

change	
–  Turning	points	

•  Triggers	(death,	
planned	re0rement)	

•  Process	of	behavioral	
change	
–  Habit	(lag)	
–  Socializa0on	(lead)	
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End	socializa0on	

Change	state	

Stable	state	

Turning	point	

Transi0on	period	

Habit	 Socializa0on	


