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Typical fragmented schedule
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INTRODUCTION 

Fragmentation of activities and travel is defined in this paper as the sequencing of many short 
activities and trips that happen in a personal daily schedule. These are combined with other 
activities and travel that are much longer to form a complete string of episodes and durations of 
each episode by each individual we observe.  Fragmentation in a schedule that is made of a 
sequence of activities means multiple switching between different activities in a day, e.g., the 
sequence of: 

escorting children to schools—go to work—eat meal with colleagues—run errand—go 
back to work—go to a social event—go back to work—pick up children from schools—
go shopping—return home—escort a child to soccer practice—do some work using 
mobile technologies—escort child back home—work at home 

Patterns like this lead to increased transport demand because many activities are no longer bound 
to specific times and specific places, different people need to be escorted in different activity 
locations, and work can often be done ubiquitously. This is further enabled by Information and 
(tele)Communication Technologies (ICT) and the emergence of disruptive transportation services 
(e.g., Uber/Lyft) and automation (e.g., self-driving cars). The usual mode enabling fragmentation 
and flexibility in scheduling is the private car.  However, we do not know if daily patterns with 
high fragmentation necessarily also entail high use of the private car. In this paper, we demonstrate 
a relatively new method of travel behavior analysis to examine daily patterns in a holistic way. We 
set the foundation to understand the potential impact of disruptive transportation by identifying 
how and why individuals engage in activity-travel fragmentation. 

Sequence analysis is used here to describe fragmentation and daily patterns. In travel behavior, 
Wilson (1998) used biology-inspired sequence alignment methods to study the sequences of 
activities, Joh et al. (2001) explored different techniques to introduce space in the sequence 
analysis.  Sequences of activities and the daily transitioning from one activity to another as well 
as the amount of time spent in each activity has been an important direction of travel behavior 
analysis (Ettema, 1995; Bhat & Pinjari, 2007, Leszczyk & Timmermans, 2002,  Přibyl & Goulias, 
2005, and Auld et al., 2011). Analysis of sequences of activities and travel is of paramount 
importance in formulating econometric models embedded in activity-based daily simulations of 
household activity-travel patterns for large-scale travel demand analysis (Bhat et al., 2013). 

In the following analysis, we move one step deeper in understanding and explaining activity 
sequencing during a day at specific locations, activity duration by type, and their correlation with 
spatial opportunities as well as social and demographic characteristics. The sequence analysis here 
examines places visited by a person during a day jointly with the duration of activities at each 
place. It also examines the travel episodes and time spent to reach these places. Entire daily 
sequences of activities and travel are described by an indicator called Complexity that is based on 
entropy and different sequences in a person’s schedule. This summary indicator captures daily 
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Fragmentation
vLow fragmentation = indicator of possible social exclusion

Disabilities, poverty, unemployment

vHigh fragmentation = indicator of time poverty
Obligations -> little time for personal leisure 
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An example of spatiotemporal patterns

Santa 
Barbara

Time of Day (minutes)

HH1: Single 
woman, age 65, 
retired, disabled

HH2: Single 
woman, age 
58,disabled,  
works from home

HH3: Family of 3, 
16-year-old son 
(Person 3), one 
parent works

San Luis 
Obispo

Santa 
Maria

Travel
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Patterns of Sequences & Durations
Person Daily Pattern: H-T-W-T-H 

The person was at home (H) in the morning, traveled (T) to work (W), and after work traveled (T) back home (H)

If we include duration at each location (Location, Duration)

(H,830)-(T,10)-(W,320)-(T,10)-(H,270)

Another person with the same pattern but different durations

(H,345)-(T,15)-(W,615)-(T,20)-(H,445)

Sequence analysis distinguishes between these persons

It also accounts for activity locations, travel, and respective durations
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Example of a day in the life of a family

(H,300)-(T,10)-(O,20)-(T,5)-(O,10)-(T,30)-
(O,30)-(T,30)-(O,5)-(T,10)-(H,225)-(T,15)-
(O,15)-(T,15)-(O,30)-(T,30)-(H,15)-(T,5)-
(O,35)-(T,15)-(O,35)-(T,15)-(H,540)

H-T-O-T-O-T-O-T-O-T-H-T-O-T-O-T-H-
T-O-T-O-T-H

Person 1 Pattern
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(H,290)-(T,10)-(O,25)-(T,20)-(S,405)-
(T,1)-(O,4)-(T,15)-(H,670)

H-T-O-T-S-T-O-T-H

Person 5 Pattern

Example of a day in the life of a family
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ENTROPY 
ℎ 𝑥 = ℎ 𝜋!, … 𝜋" = − ∑#$!" 𝜋# log 𝜋#

Where x is the sequence, 𝑠 is number of potential states and 𝜋# is 
proportion of occurrences of the ith state in the considered sequence. 

High entropy means a person spends a lot of time in multiple different 
activities. 

Zero entropy means the person stayed at the same location all day.
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Sequences and subsequences
Consider the pattern H-T-W-T-H 

This is a sequence of “states” and contains subsequences: 

An empty sequence; 

The full sequence itself; 

Subsequences of the type T-W-T-H, W-T-H, and T-W-T; 

Discontinuous subsequences like T-T-H (which skips the work activity); and 

Single activities/locations H, T, and W. 

Enumerating all these subsequences yields (𝝓 𝒙 = 27) possible combinations that respect 
the precedence of activities in the H-T-W-T-H sequence
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TURBULENCE 
𝑇 𝑥 = log! 𝜙 𝑥 "!,#$%

& # $%
"!& # $%

𝑥 represents the sequence of activities and travel episodes in one person’s 
diary;
𝜙 𝑥 is the number of distinct subsequences in sequence 𝑥;
𝑡& is duration in each distinct state and is used to compute the mean 
consecutive time and variance below (i=1,…, number of distinct episodes); 
𝑠'! is variance of the state-duration for the 𝑥 sequence; 

𝑠',)*#! is the maximum value that the variance can take given the total 
duration of the sequence 𝑥
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The number of subsequences and variance within the pattern of durations drives this measure
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NUMERICAL EXAMPLES
(Activity/Place, Duration in minutes) Pattern

Number of 
Subsequences

Entropy
h(x)

Turbulence
T(x)

(H,1440) H 2 0.000 1.00

(H,830)-(T,10)-(W,320)-(T,10)-(H,270) H-T-W-T-H 27 0.372 6.63

(H,345)-(T,15)-(W,615)-(T,20)-(H,445) H-T-W-T-H 27 0.487 7.31

(H,300)-(T,10)-(O,20)-(T,5)-(O,10)-(T,30)-
(O,30)-(T,30)-(O,5)-(T,10)-(H,225)-(T,15)-
(O,15)-(T,15)-(O,30)-(T,30)-(H,15)-(T,5)-(O,35)-
(T,15)-(O,35)-(T,15)-(H,540)

H-T-O-T-O-T-
O-T-O-T-H-T-
O-T-O-T-H-T-
O-T-O-T-H 496578 0.457 21.37

(H,180)-(T,15)-(O,10)-(T,70)-(O,1)-(T,5)-
(W,229)-(T,5)-(O,15)-(T,5)-(W,320)-(T,5)-(O,5)-
(T,65)-(O,1)-(T,9)-(H,500)

H-T-O-T-O-T-
W-T-O-T-W-T-
O-T-O-T-H 25183 0.662 17.17

Note: H= home, W=work, S= school, O=other, T=travel 11© KONSTADINOS G GOULIAS



COMPLEXITY 
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episodes that time is spread over.  Gabadinho et al. (2010) define another indicator they call 
Complexity that is based on Entropy and the transitions within a sequence (s).  

4(3) = 5 67(+)
(8(+)92)

:(+)
:;<=

     (2) 

This is a function of the Entropy and the number of transitions (nt(s) = l(s) -1) in a sequence s, 
normalized by the maximum theoretical entropy (hmax) and the length of the sequence (l(s)). This 
indicator will have a value between 0 and 1, with zero corresponding to Entropy zero and no 
transitions.  Table 1 provides a few examples of sequences with state duration for each activity, 
Entropy and Complexity. Person 1 in Table 1 stays at home all day and has the sequence of (H, 
1440), Entropy zero, and Complexity 0. Persons 2 and 3 have activity patterns with 5 episodes that 
are 2 activities at home, 2 trips, and one at work (Persons 2) or some other place (Person 3). These 
persons are different in the Entropy of their sequences because the number of minutes allocated to 
each episode is different between them. The Complexity indicator is a combination of Entropy and 
transitions from state to state. Persons 4 and 5 show how these numbers increase dramatically 
when more activity episodes are added and how this is reflected in the summary indicators we use 
here.  

  

- function of the Entropy 

- number of transitions (nt(s) = l(s) -1) in a sequence s, 

- normalized by the maximum theoretical entropy (hmax) and the 
length of the sequence (l(s)). 

This indicator will have a value between 0 and 1, with zero 
corresponding to Entropy zero and no transitions 
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Table 1 Examples of Sequences and Fragmentation 
 
 (Activity/Place, Duration in minutes) Pattern 

Entropy 
h(x)  

Complexity 
C(x) 

Person 1 (H,1440) H 0.000 0.00 

Person 2 (H,830)-(T,10)-(W,320)-(T,10)-(H,270) 
H-T-W-T-H 0.372 0.0322 

Person 3 (H,255)-(T,45)-(O,120)-(T,30)-(H,990) 
H-T-O-T-H 0.302 0.0290 

Person 4 (H,600)-(T,15)-(O,60)-(T,10)-(O,20)-
(T,10)-(H,725)   

H-T-O-T-O-T-H  0.203  0.0291 

Person 5 
(H,485)-(T,5)-(W,169)-(T,2)-(H,10)-
(T,14)-(O,70)-(T,10)-(O,25)-(T,15)-
(H,125)-(T,15)-(W,321)-(T,14)-(H,160)  

H-T-W-T-H-T-
O-T-O-T-H-T-
W-T-H  0.641  0.0790 

 
 

ANALYSIS  

We first compute Complexity indicators for each sequence of activity-travel of 114,639 
respondents in CHTS.  Then, we explore fragmentation of daily schedules of households that are 
made by an adult man and an adult woman with and without children. This is followed by the 
derivation of a statewide taxonomy.    

Statewide Comparison of Mixed-Gender Households 
In McBride et al. (2019a), we found that men and women have different time of day activities and 
travel. Here, we investigate whether this difference is present between men and women within the 
same household, and how it interacts with employment and the presence of children.  For this 
analysis, we use from CHTS 114,639 persons in 45,362 households with diaries that are complete 
enough to build place-travel sequences.  We select households that have one adult man and one 
adult woman with age difference less than 25 years and they reported their relationship as 
spouse/partner. We separate these into households without children, which we refer to as “couples” 
and those with children, which we refer to as “families.”  Of these households, 4,641 are adult 
couples with both spouses working, 2,429 adult couples in which only the man is a worker, and 
1,888 adult couples in which only the woman works. Figure 1 shows histograms of men versus 
women for couples with no children, separated based on the employment status of the man and 
woman in the household. These plots show that working men and women have high schedule 
complexity. In couples where one person is employed and the other does not, the one who works 
has higher schedule complexity, regardless of gender.  Figure 2 shows the fragmentation of 
schedules for households with children, which we divide into three groups:  families in which both 
adults work (4,181 households), families in which only the adult man works (2,717 households), 
and families in which only the adult woman works (544 households).  Fragmentation of schedules 
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Examples using 
CHTS
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California Household Travel Survey
- One day place-based diary

- Spans a year February 2012 to February 2013

- 114,639 persons in 45,362 households

- Every location in the dary has also the top three activities at the location

- Combination of paper and pencil, computer aided telephone interview, 
and online 

- Has other components but not important in this analysis (long distance 
travel, GPS tracking, On board diagnostics etc).
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2,663 person days analyzed 
in this example
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HISTOGRAMS OF VALUES
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RESEARCH QUESTIONS
•WHO IS MORE LIKELY TO HAVE COMPLEX DAILY PATTERNS?
•WHERE DO WE FIND MORE COMPLEX PATTERNS (CITY VS SUBURBS?)
• ARE THESE DIFFERENT ACROSS THE DAYS OF A WEEK?
• ARE MEN AND WOMEN DIFFERENT IN PATTERN COMPLEXITY?
•WHAT ROLE DO CHILDREN IN THE HOUSEHOLD PLAY?
• DOES DISABILITY IMPACT PATTERN COMPLEXITY?
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Analysis
Use Tobit Regression to account for the large concentration of observations 
at a value (0 in Entropy and 1 in Turbulence)

Include social and demographic variables to explain variation

Include an indicator of residential character (urban, suburban, exurban, 
rural)

Include presence of children in household

Analyze partial derivative of dependent variables wrt explanatory variable
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Age Effect
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Turbulence	

High school age kids and middle aged adults both have high entropy: they spend a lot of time at school/work and have 
other activities
Adults have higher turbulence, since their other activity duration is from multiple short events / errands. © KONSTADINOS G GOULIAS



Day of the Week Effect
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Sunday is the resting day. All days are different (but also different persons)
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Summary of Select Findings Part 1
• Children in the age groups Age 5 to 15 and Age 16 to 18 show almost as high 

Entropy and Turbulence as their parents age groups (Age 25-34, Age 35- 44, Age 
45-54) 

• These groups not only visit multiple places in a day but also switch between long and 
short durations of activities

• Days of the week indicate substantial dissimilarity in ordering and duration of 
activities across the days of a week. 

• Friday is the day of the week with the most within-sequence variety, indicating 
substantial mixing of types of places and activities. 

• Turbulence is significantly higher for the urbanites and suburbanites, indicating 
the higher complexity of their activity sequences than their counterpart 
exurbanites and rural residents – but no differences in entropy. 
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Summary of Select Findings Part 2
• Men and Women differ only for Entropy in SLO/SBA but …

• Disability inhibits pattern complexity (recall the first examples= either stay home 
all day or have a simple pattern)

• US-born and Hispanic have higher Entropy and Turbulence than other groups

• Poverty plays  a major role in inhibiting complexity in daily patterns 

• The presence of very young children in household (< 3 years old) inhibit 
complexity

• The presence of children 4 to 15 years old have a large, significant, and positive 
impact on a person’s variety and complexity of daily patterns 

• Note this includes impact on their siblings
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What are the daily 
patterns looking 
like?
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Method
1. Consider every sequence of 1440 minutes with each minute classified as 
Home, Work, School, Other place, Travel

2. Compare all sequences with each other and compute pairwise dissimilarity 
indicators

3. Apply a clustering technique that groups sequences by similar dissimilarity 
scores -> low dissimilarity sequences are grouped together

4. Decide on the number of clusters that is optimally representing the data 
using a criterion of within group similarity and across groups dissimilarity
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Example of sequence dissimilarities
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For every minute in a 
day we compute the 
percent of people that 
do a specific activity

This is in essence a 
minute by minute 
stacked bar chart

28

One outcome of this analysis is a summary daily schedule for each cluster of person-days

This example is using NHTS data we will review later
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For every minute in a 
day we compute the 
percent of people that 
do a specific activity

This is in essence a 
minute by minute 
stacked bar chart

29

100% of 
people at 

home 
after 

midnight

Impact of 
lunch break
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Central 
Coast of CA

First 
application 
with a small 
sample

I Expected to 
find: Home 
Day, Errands 
Day, Work 
Day, and 
School Day

New 
patterns: 
Traveling 
outside 
residence & 
Return home 
from a long 
distance trip
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Expanding the Analysis to 
the Entire State of 
California

POPULATION ABOUT 39 MILLION, 14.6 MILLION WORKERS, 
ALMOST 1 MILLION BUSINESS ESTABLISHMENTS, DENSITY 
ABOUT 239.1 PERSONS/SQ MILE
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2 types of 
errands days
2 types of 
working days
1 new totally 
out of home
Pattern mostly 
traveling

This is a 
richer 
taxonomy of 
daily 
schedules

Sample = 
5,000 
households 
(containing 
12,704 
persons). 
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Table 2 By-Cluster Complexity, Travel Time Ratio (TTR), and Modal Split 

  

  

Home 
Day 

School 
Day 

Typical 
Work 
Day 

Errands 
Type 1 

Mostly 
Out of 
Home 

Errands 
Type 2 

Non-
typical 
Work 
Day 

Leave 
Home Traveling 

By-Cluster Complexity 
 Mean C(s) 0.024 0.045 0.052 0.054 0.007 0.049 0.041 0.049 0.003 

Std. Dev C(s) 0.024 0.015 0.017 0.016 0.014 0.018 0.02 0.022 0.009 
Travel Time Ratio 
 Mean TTR 0.368 0.1 0.136 0.257 0.019 0.253 0.113 0.22 0.984 

Std.Dev TTR 0.213 0.07 0.081 0.14 0.048 0.208 0.08 0.159 0.06 
Modal Split (Private Motorized) 

 

Driving alone 37.38% 7.26% 61.44% 26.83% 20.67% 39.33% 64.59% 30.83% 27.48% 
Driving others 21.87% 2.44% 13.39% 24.69% 29.92% 17.17% 7.94% 22.28% 17.90% 
Passenger in car 23.45% 61.00% 6.26% 33.28% 30.51% 23.84% 9.33% 31.88% 31.04% 
Pass. in other  0.71% 2.22% 1.83% 0.72% 4.53% 1.34% 1.21% 1.95% 2.46% 
Total 83.41% 72.91% 82.92% 85.52% 85.63% 81.68% 83.07% 86.95% 78.88% 

Modal Split (All Others) 

 

Biking 1.63% 2.33% 2.07% 1.07% 1.38% 1.15% 2.42% 1.20% 2.97% 
Walking 12.11% 16.43% 11.05% 9.52% 11.22% 11.46% 10.71% 7.80% 13.06% 
Transit 2.36% 8.03% 3.88% 3.83% 0.59% 4.91% 3.80% 2.93% 3.82% 
Other non-
motor 0.50% 0.30% 0.04% 0.07% 0.39% 0.15% 0.00% 0.00% 0.17% 

All Other 0.00% 0.00% 0.03% 0.00% 0.79% 0.65% 0.00% 1.13% 1.10% 
Total  16.59% 27.09% 17.08% 14.48% 14.37% 18.32% 16.93% 13.05% 21.12% 

           
Trips/Person 2.76 3.52 4.24 5.24 1.52 4.41 3.13 3.99 3.24 
Note: Compare colors horizontally/row-wise 

  
© KONSTADINOS G GOULIAS



34

 

 14 

Table 2 By-Cluster Complexity, Travel Time Ratio (TTR), and Modal Split 

  

  

Home 
Day 

School 
Day 

Typical 
Work 
Day 

Errands 
Type 1 

Mostly 
Out of 
Home 

Errands 
Type 2 

Non-
typical 
Work 
Day 

Leave 
Home Traveling 

By-Cluster Complexity 
 Mean C(s) 0.024 0.045 0.052 0.054 0.007 0.049 0.041 0.049 0.003 

Std. Dev C(s) 0.024 0.015 0.017 0.016 0.014 0.018 0.02 0.022 0.009 
Travel Time Ratio 
 Mean TTR 0.368 0.1 0.136 0.257 0.019 0.253 0.113 0.22 0.984 

Std.Dev TTR 0.213 0.07 0.081 0.14 0.048 0.208 0.08 0.159 0.06 
Modal Split (Private Motorized) 

 

Driving alone 37.38% 7.26% 61.44% 26.83% 20.67% 39.33% 64.59% 30.83% 27.48% 
Driving others 21.87% 2.44% 13.39% 24.69% 29.92% 17.17% 7.94% 22.28% 17.90% 
Passenger in car 23.45% 61.00% 6.26% 33.28% 30.51% 23.84% 9.33% 31.88% 31.04% 
Pass. in other  0.71% 2.22% 1.83% 0.72% 4.53% 1.34% 1.21% 1.95% 2.46% 
Total 83.41% 72.91% 82.92% 85.52% 85.63% 81.68% 83.07% 86.95% 78.88% 

Modal Split (All Others) 

 

Biking 1.63% 2.33% 2.07% 1.07% 1.38% 1.15% 2.42% 1.20% 2.97% 
Walking 12.11% 16.43% 11.05% 9.52% 11.22% 11.46% 10.71% 7.80% 13.06% 
Transit 2.36% 8.03% 3.88% 3.83% 0.59% 4.91% 3.80% 2.93% 3.82% 
Other non-
motor 0.50% 0.30% 0.04% 0.07% 0.39% 0.15% 0.00% 0.00% 0.17% 

All Other 0.00% 0.00% 0.03% 0.00% 0.79% 0.65% 0.00% 1.13% 1.10% 
Total  16.59% 27.09% 17.08% 14.48% 14.37% 18.32% 16.93% 13.05% 21.12% 

           
Trips/Person 2.76 3.52 4.24 5.24 1.52 4.41 3.13 3.99 3.24 
Note: Compare colors horizontally/row-wise 

  

Commute 
driving 
alone

Commute 
driving 
alone
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Table 2 By-Cluster Complexity, Travel Time Ratio (TTR), and Modal Split 

  

  

Home 
Day 

School 
Day 

Typical 
Work 
Day 

Errands 
Type 1 

Mostly 
Out of 
Home 

Errands 
Type 2 

Non-
typical 
Work 
Day 

Leave 
Home Traveling 

By-Cluster Complexity 
 Mean C(s) 0.024 0.045 0.052 0.054 0.007 0.049 0.041 0.049 0.003 

Std. Dev C(s) 0.024 0.015 0.017 0.016 0.014 0.018 0.02 0.022 0.009 
Travel Time Ratio 
 Mean TTR 0.368 0.1 0.136 0.257 0.019 0.253 0.113 0.22 0.984 

Std.Dev TTR 0.213 0.07 0.081 0.14 0.048 0.208 0.08 0.159 0.06 
Modal Split (Private Motorized) 

 

Driving alone 37.38% 7.26% 61.44% 26.83% 20.67% 39.33% 64.59% 30.83% 27.48% 
Driving others 21.87% 2.44% 13.39% 24.69% 29.92% 17.17% 7.94% 22.28% 17.90% 
Passenger in car 23.45% 61.00% 6.26% 33.28% 30.51% 23.84% 9.33% 31.88% 31.04% 
Pass. in other  0.71% 2.22% 1.83% 0.72% 4.53% 1.34% 1.21% 1.95% 2.46% 
Total 83.41% 72.91% 82.92% 85.52% 85.63% 81.68% 83.07% 86.95% 78.88% 

Modal Split (All Others) 

 

Biking 1.63% 2.33% 2.07% 1.07% 1.38% 1.15% 2.42% 1.20% 2.97% 
Walking 12.11% 16.43% 11.05% 9.52% 11.22% 11.46% 10.71% 7.80% 13.06% 
Transit 2.36% 8.03% 3.88% 3.83% 0.59% 4.91% 3.80% 2.93% 3.82% 
Other non-
motor 0.50% 0.30% 0.04% 0.07% 0.39% 0.15% 0.00% 0.00% 0.17% 

All Other 0.00% 0.00% 0.03% 0.00% 0.79% 0.65% 0.00% 1.13% 1.10% 
Total  16.59% 27.09% 17.08% 14.48% 14.37% 18.32% 16.93% 13.05% 21.12% 

           
Trips/Person 2.76 3.52 4.24 5.24 1.52 4.41 3.13 3.99 3.24 
Note: Compare colors horizontally/row-wise 

  

Parents 
drive kids 
to school
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Men and Women in 
Same Household
SAME HOUSEHOLD – ENTIRE CALIFORNIA STATE
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Average C(s) for men (standard deviation) =0.038  
(0.025) 
Average C(s) for women (standard deviation) =  
0.038 (0.024) 

Average C(s) for men (standard deviation) = 0.037 
(0.025) 
Average C(s) for women (standard deviation) =  
0.027 (0.025) 

Average C(s) for men (standard deviation) = 0.026 
(0.024) 
Average C(s) for women (standard deviation) =  
0.036 (0.024) 

Figure 1 Couples with No Children 
 

 

 

 

 

 

   

  

Complexity of Couples with No Children
The Worker has always higher schedule complexity!

Look at the flipping of C(s) 
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Average C(s) for men (standard deviation) = 0.074 
(0.051) 
Average C(s) for women (standard deviation) =  
0.076 (0.054) 

Average C(s) for men (standard deviation) = 0.075 
(0.055) 
Average C(s) for women (standard deviation) =  
0.067 (0.057) 

Average C(s) for men (standard deviation) = 0.062 
(0.052) 
Average C(s) for women (standard deviation) =  
0.069 (0.053) 

Figure 2 Adult Couples with Children  
 

Complexity of Couples with Children
Women have always higher than men schedule complexity!
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RESEARCH QUESTIONS

• WHO IS MORE LIKELY TO HAVE COMPLEX DAILY PATTERNS? – Workers with kids and especially women = 
time poverty

• WHERE DO WE FIND MORE COMPLEX PATTERNS (CITY VS SUBURBS?) – urban and suburban 
environments = possible market for autonomous and ride hailing services

• ARE THESE DIFFERENT ACROSS THE DAYS OF A WEEK? – Yes! All days of the week are different!

• ARE MEN AND WOMEN DIFFERENT IN PATTERN COMPLEXITY? – Yes, women more complex patterns

• WHAT ROLE DO CHILDREN IN THE HOUSEHOLD PLAY? – very young inhibit complexity and older children 
increase complexity of schedules but when they get a driver’s license and a car things change

• DOES DISABILITY IMPACT PATTERN COMPLEXITY? – Yes, lower complexity but also stay home all day = 
possible social exclusion
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Household Responsibility 
Hypothesis
- Early evidence from Professor Niemeier (@UCDavis and now in 
Maryland) showed that women take care of work, kids, and household 
chores

- Evidence from our own research shows this to be clearly demonstrated 
when we ask a question such as for whom an activity is done

- In this research we see working women having the most fragmented 
schedules and dedicating substantial amounts of time in multiple 
activities and trips == TIME POVERTY

- So, social exclusion happens in two ways-> stay at home with little 
access to opportunities or be super-active for the benefit of others with 
no personal time 
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Lessons learned in Part 1
- This type of analysis can take very long computational time but converges 
to interpretable outcomes (time of day of schedules).
- Correlation with personal characteristics such as life cycle stages leads to 
powerful explanation of daily dynamics
- Day of the week analysis shows the variety of schedules people follow and 
challenges the “typical day” used in regional models to assess emissions, 
conformity, impact of SB 375, and sustainable community strategies
-Just using location classification of Home, Work, School, Other is too 
limited and needs to expand
- The California Household Travel Survey is becoming dated (2012-2013)
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Taxonomy in the 2017 California Component 
of National Household Travel Survey
WITH MOTIFS AND EXPANDED ACTIVITY TYPES
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NHTS - CA
- One-day travel diary.  

- Between April 24th, 2016 and April 24th, 2017 

- Assigned day attempts to provide a uniform assignment throughout a 
complete year

- Diary day for each household can be any weekday, weekend day, or 
holiday 

- We use data just from work days in this analysis (i.e., exclude 
state/federal holidays, Saturdays, and Sundays)
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We add the idea 
of motifs to the 
daily patterns

In this way we 
identify 
unique places 
visited in a 
day
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 22 

direction trip between them, done by 1.66% (512 persons) of the total population in 2017 California-403 

NHTS workday data. These are persons who left home and did not return during the interview day, persons 404 

who came back home from somewhere else, or persons who just travel from a place not home to another 405 

place also not home. The rest of the motifs in Figure 4 have very similar percentages to the percentage of 406 

corresponding motif and even in the same order as in Schneider et al. (2013).  407 

 408 
Figure 3. Cumulative distribution function for count of mobility motif types 409 

 410 
Figure 4. Percentage of human mobility motif patterns 411 

Each motif ID has different membership in terms of social and 
demographic characteristics and different average time allocation to 
activities 
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Activity 
Travel 
Types

Home with unspecified activity (Home); 

Work from home as in telecommuting and home stay combined (Home&Work); 

Work at a workplace (Work); 

Education at the school location (School); 

Drop off or Pick up someone (DropPickup);  

Change type of transportation (ChangeTrans); 

Purchase goods such as groceries, clothes, appliances, gas (BuyGoods); 

Purchase services such as dry cleaners, banking, service a car, pet care (BuyService); 

Go out for a meal, snack, carry-out (BuyMeal);  

Run other general errands such as post office (ShopServ); 

Engage in recreational activities such as visit parks, movies, bars, museums (Recreation); 

Exercise in a gym  (Exercise); 

Visit friends and/or relatives (VisitFrsRls); 

Other activity; and

TRAVEL/TRIP. 
© KONSTADINOS G GOULIAS



47

 22 

direction trip between them, done by 1.66% (512 persons) of the total population in 2017 California-403 

NHTS workday data. These are persons who left home and did not return during the interview day, persons 404 

who came back home from somewhere else, or persons who just travel from a place not home to another 405 

place also not home. The rest of the motifs in Figure 4 have very similar percentages to the percentage of 406 

corresponding motif and even in the same order as in Schneider et al. (2013).  407 

 408 
Figure 3. Cumulative distribution function for count of mobility motif types 409 

 410 
Figure 4. Percentage of human mobility motif patterns 411 

Group II
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 22 

direction trip between them, done by 1.66% (512 persons) of the total population in 2017 California-403 

NHTS workday data. These are persons who left home and did not return during the interview day, persons 404 

who came back home from somewhere else, or persons who just travel from a place not home to another 405 

place also not home. The rest of the motifs in Figure 4 have very similar percentages to the percentage of 406 

corresponding motif and even in the same order as in Schneider et al. (2013).  407 

 408 
Figure 3. Cumulative distribution function for count of mobility motif types 409 

 410 
Figure 4. Percentage of human mobility motif patterns 411 

Group III
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 22 

direction trip between them, done by 1.66% (512 persons) of the total population in 2017 California-403 

NHTS workday data. These are persons who left home and did not return during the interview day, persons 404 

who came back home from somewhere else, or persons who just travel from a place not home to another 405 

place also not home. The rest of the motifs in Figure 4 have very similar percentages to the percentage of 406 

corresponding motif and even in the same order as in Schneider et al. (2013).  407 

 408 
Figure 3. Cumulative distribution function for count of mobility motif types 409 

 410 
Figure 4. Percentage of human mobility motif patterns 411 

Group IV
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 22 

direction trip between them, done by 1.66% (512 persons) of the total population in 2017 California-403 

NHTS workday data. These are persons who left home and did not return during the interview day, persons 404 

who came back home from somewhere else, or persons who just travel from a place not home to another 405 

place also not home. The rest of the motifs in Figure 4 have very similar percentages to the percentage of 406 

corresponding motif and even in the same order as in Schneider et al. (2013).  407 

 408 
Figure 3. Cumulative distribution function for count of mobility motif types 409 

 410 
Figure 4. Percentage of human mobility motif patterns 411 

Group V
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 22 

direction trip between them, done by 1.66% (512 persons) of the total population in 2017 California-403 

NHTS workday data. These are persons who left home and did not return during the interview day, persons 404 

who came back home from somewhere else, or persons who just travel from a place not home to another 405 

place also not home. The rest of the motifs in Figure 4 have very similar percentages to the percentage of 406 

corresponding motif and even in the same order as in Schneider et al. (2013).  407 

 408 
Figure 3. Cumulative distribution function for count of mobility motif types 409 

 410 
Figure 4. Percentage of human mobility motif patterns 411 

Group I
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Key findings
- Home days as a pattern most popular and many regional simulation models 
do not pay attention to this
- Home day does not mean no travel even for the no other destination group (I) 
– walk the dog, go for walk or bicycle exercise, etc. (loop trips)
- Home, Work, & School as the three anchors in daily schedules are still 
important
- Tremendous heterogeneity of behavior but classifiable with pattern 
recognition
- Patterns have strong correlation with person characteristics and day of the 
week 
- Telecommuters do not stay at home! Instead we found them in all the groups 
of patterns

52© KONSTADINOS G GOULIAS



Some other research we did with 
these ideas
- Correlation between daily patterns and propensity to own and/or use 
an autonomous vehicle using data from the Puget Sound region (Seattle 
metropolis).

- Life Cycle stages and daily time allocated for the benefit of self and 
others (with time use data in Pennsylvania)

- We started correlating daily patterns to land use (we did this in CHTS 
and now expand to NHTS)
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California Household Travel Survey
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The diary is place-based
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(a) Continuous Variables
Variables Description Mean Median S.D. Min Max

Trip Count Trip count on the survey day 4.28 4 2.45 1 39
Visited Location Count Count of visited locations on the survey day 3.51 3 1.68 1 36

(b) Categorical Variables
Variables Description Percentage
Sex Respondent’s sex Male:47.92%

Female:52.02%
Refuse to answer: 0.06%

Age Respondent’s age range Under 16: 10.71%
16 to 17: 1.94%
18 to 25: 5.62%

26 to 45: 23.27%
46 to 65: 34.61%

Above 65: 23.86%
Student Respondent’s student status Student: 12.31%

Non-student: 87.69%

Driving license Have driving license or not Yes: 83.06%
No: 16.94%

Homeworker Working from home for pay Yes: 7.61%
No: 92.39%

Full-time or part-time Full-time or part-time employee Full-time: 38.43%
Part-time:11.71%

N/A: 49.86%
Retired Respondent’s retirement status Yes: 25.25%

No: 74.75%

Travel day of the week Day of the week Monday: 16.97%
Tuesday: 21.13%

Wednesday: 20.78%
Thursday: 21.18%

Friday: 19.94%

Descriptive 
statistics 
for 2017 
California-
NHTS 
workday 
data
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