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Stability of Travel Behavior
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Travel behavior may differ a lot from day to day (Raux

et al. 2016, Hanson 1988, Huff et al. 1986)

Travel behavior is rather stable from year to year 

(McCarthy 1982, Kitamura 1987, Jones 1988, Cui et al. 2014)

To a large degree, travel behavior is driven by 

habitual choices that do not change often (Gärling & 

Axhausen 2003).

Workdays are more stable than non-workdays, travel 

time is more stable than trips (Schlich & Axhausen 2003)

Source: hhagedorn on https://qimby.net/

Stability of travel behavior



Change in travel behavior is typically driven by 

one (or more) of the following:

For most households, such changes are rare.

Change of travel behavior
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Change in 
levels of 

service (such 
as congestion, 
transit service, 

bike paths)

1.Change in 
activity 

locations 
(such as a 

new shopping 
mall)

1.Policy 
interventions 

(Verplanken & 
Wood 2006)

1.Demographic 
change (birth of a 
child, change of 

income, change of car 
ownership, household 
relocation) (Murakami 
et al. 1992, Schneider 

2016, Clarke et al. 
2014)



Panel data and travel behavior change

Moreno, A.T., Nouli, G., Ahmed, U., Schiffer, M., Moeckel, R. (2023). Understanding the 

Impact of Life Events on Travel Behavior Change via Machine Learning. 25th Euro 

Working Group on Transportation Meeting (EWGT 2023)



- German Mobility Panel data (2010 - 2019):

- Respondents were asked to participate in 3 consecutive years

- Each year, participants provide:

- A 7-day trip diary

- Socio-demographic attributes 

- Mobility resources 

- Raw data: 589,357 trips of 25,449 individuals

- Data were reduced to obtain:

- Active days by purpose

- Life events

Panel survey data

Final sample: 7,074 individual observations



Becoming employed or unemployed 

trigger the highest differences on 

mandatory active days and slight 

variations in discretionary active days

Active days are rather stable for 

unemployed (95%), employed (50%) 

and students (60%)

Analysis of life events

7Difference on active days

All acts Discretionary Mandatory

(n=3,030)

(n=779)

(n=2,739)

(n=122)

(n=195)

(n=56)

(n=20)

Other (n=47)
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Source: Ahmed & Moeckel (2023)



Methodology

Traditional econometric model
Zero-inflated negative binomial model (Hurdle)

Machine learning pipeline
Stratified four-fold cross-validation on the 

training set

Machine learning-informed 

econometric model

Active days by purpose Sociodemographics Life events



Number of active days on the second year
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Pseudo R2
Purpose Model Traditional ML-

informed

Mandatory
Zero-state 0.508 0.536

Count-state 0.559 0.565

Discretionary
Zero-state 0.472 0.476

Count-state 0.676 0.677

Top 7 features

Purpose Data split Linear Lasso Ridge KNN SVR RFs MLPs

Mandatory
Training 0.743 0.756 0.756 0.740 0.740 0.843 0.751

Testing 0.767 0.769 0.769 0.754 0.757 0.776 0.775

Pseudo R2



Mobile Phone Data and Travel Behavior Stability

Moreno, A.T., Alvarez-Ossorio, S., Moeckel, R., Bogenberger, K. (2024). Stability of 

weekly active days using continuous revealed preference data. 12th Symposium of the 

European Association for Research in Transportation 



- Mobilität.Leben project (2022-2023):

- Initial objective: analyze the impacts of the 9-euro ticket and fuel-tax cut 

- Multi-wave survey with over 2,500 participants:

- Over 1,100 also recorded movements with app

Data
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Initial sample: 65,360 person-weeks (1,193 persons)



Research idea
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Major strength of data: 
Individuals can be traced over 

multiple days

Analyses:

• How many trips are made by a 
participant day after day

• Does the participant repeatedly visit 
the same destination? Several 
times per day, per week, per month?

• What time of day are repeated 
destinations visited? 

Final sample: 10,631 person-weeks (355 persons) – 16% of initial sample

Analyses:

• How many trips are made by a 
participant day after day

• Does the participant repeatedly visit 
the same destination? Several 
times per day, per week, per month?

• What time of day are repeated 
destinations visited? 



Variation of days per week with out-of-home activities
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Annual variation by employment status - mandatory
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Annual variation by employment status - discretionary
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Effects of life events
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Mandatory Discretionary All

Full-time workers who 

discontinued working
days variability

Single person to two-

person household

days

variability

Increased household 

income low - medium

days

variability

Increased from zero to 

one auto
days

Retirees had a similar number of weekly active days as full-time workers. Semi-passive data 

could capture underreported short trips



Study Rationale



• Most transport models recreate travel behavior from scratch each time the model runs. 

• Travel choice are created from scratch every model run, ignoring habitual behavior. 

• In land use modeling, we have long overcome recreating populations from scratch every simulation 

period (Waddell 2002). 

• The time is now for transport modeling to catch up with land use modeling.

Research rationale



Model concept
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Households (t) Households (t+1) Households (t+2)

Travel demand t Travel demand t+1 Travel demand t+2

Traffic assignment Traffic assignment Traffic assignment

Demographic 

transition: t  t+1

Demographic 

transition : t+1  t+2

Synthetic Population Synthetic Population Synthetic Population



• Looked into number of trips, active days and mode choice so far. 

• Maybe more promising to explore travel times and activity durations: Someone who changes from 

unemployed to employed might make the same number of activities, but selects activities that are nearer 

or they may attend activities for shorter time periods. Or even switch to online activities. Or delegate 

activities to other household members. 

• Data collection should focus on activities, not just trips. Time use surveys as panel surveys?

• Might require oversampling segments of the population that are more likely to undergo life events.

• Possibly, we are not collecting the right data? 

Issues encountered
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Data and Theory Requirements



Stability of travel behavior
over time  habits

Impact of life events on travel 
behavior  habit change

What do we need?
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Remove noise of day-to-day randomness and reveal: 



• Only panel data can truly capture stability of individual travel behavior versus impacts of life events. 

• Given the limited understanding how stable travel choices are, cross-sectional data are insufficient to 

explain individual stability of travel behavior

• Given the apparent randomness in daily travel choices, longer periods need to be captured. 

 Mobile phone data as the next best option?

Data requirements
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Mobile phone data potential

• Mobile phone data are effortless for the respondent and can be collected over long time periods

• Self-reporting in panel data is error-prone, less so in mobile phone data

• Short trips are underrepresented in survey data, less so in mobile phone data

Mobile phone data challenges

• Needs a lot of cleaning that might influence results

• Tracks based on cell phone towers are very coarse, particularly in rural areas

• It is challenging to collect information on life events

Main challenge

25



Elements of credibility
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High priority for us, but it may be 

challenging if mobile phone data 

are used that cannot be shared.

Good idea.

Also important



• Day-to-day travel behavior variability cannot be explained by

currently observed data.

• Travel behavior over weeks is rather stable and should not be

reinvented every time the transport model runs.

• Much behavior is driven by habits that should not be modeled with

tabula-rasa methods.

• It is time for transport modeling to catch up with land use

modeling and adjust travel behavior incrementally, rather than

reinventing it from scratch every time the model runs.

Conclusions
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Photo by Ryoji Iwata on Unsplash
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We will leave from 

the hotel lobby 

“Burgblick” at 6:45 

PM. 

Dinner starts at 

Café Bichl at 

7:00 PM.
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Single day

Traditional HTS

Does not capture 
habitual behavior

Easier to collect

Weeklong 

Traditional panel 
survey

Week-to-week 
variation still large

Demanding for 
respondents

Longer periods

Mobile phone data

Habitual behavior
can be assessed

Life events are 
difficult to collect

Data duration

31



Backup slides
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Types:

• change in employment status of a 

person

• change in household size

• change in household income

• birth of a new child

• change in household car ownership

• household relocation

Live events studies
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Source: Ahmed & Moeckel (2023)



Change in weekly work 

trips due to change in 

employment
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Source: Ahmed & Moeckel (2023)



Change in weekly 

shopping trips due to 

change in employment
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Source: Ahmed & Moeckel (2023)



No explanatory power for number of transit trips
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Source: Ahmed & Moeckel (2023)



Sample size MOP
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Sample size MOP
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Sample size MOP
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• Structural insights from the explainable machine learning pipeline allowed to improve traditional model 

predictions

• Active days are rather stable across time, being mandatory acts more stable than discretionary acts

• The results show the gendered effects of giving birth on change in mandatory and discretionary active 

days. Employment change also played a key role on mandatory active days

• Future work will use the machine learning pipeline to inform traditional model estimation for other travel 

variables, such as traveled distance, mode choice, or vehicle ownership

Conclusions from machine learning

40
Source: Moreno et al. (2024)



Methodology: machine learning pipeline 
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Data split Feature selection Regression with hyperparameters

1. Training (80%) and testing 

(20%)

2. Stratified random split

3. Strata based on the 

distribution of the target 

variable 

1. Lasso regression

2. Ridge regression

3. Without feature selection

1. Linear regression

2. Lasso regression

3. Ridge regression

4. Neighbors regression (KNN)

5. Support Vector regression (SVR)

6. Random Forests (RFs)

7. Multi-Layer Perceptrons (MLPs)

Purpose Data split Linear Lasso Ridge KNN SVR RFs MLPs

Discretionary
Training 0.462 0.462 0.462 0.429 0.444 0.484 0.479

Testing 0.417 0.417 0.417 0.392 0.405 0.402 0.413

Purpose Data split Linear Lasso Ridge KNN SVR RFs MLPs

Mandatory
Training 0.743 0.756 0.756 0.740 0.740 0.843 0.751

Testing 0.767 0.769 0.769 0.754 0.757 0.776 0.775

Stratified four-fold cross-validation on the training set



• Stability on active days is confirmed for both mandatory and discretionary​ acts

• Individuals who remain employed or studying tend to have more active days​ with mandatory activities

• Similar conclusions are obtained in the traditional econometric model​

AI-interpretability: SHapley Additive exPlanations (SHAP) 
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Top 7 features

Active days with 

mandatory activities
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Mandatory

(zero-state)
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Mandatory

(count-state)
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Discretionary (zero-state)
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Discretionary

(count-state)



Selected features (best model)
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Source: Moreno et al. (2024)

Base year:

- Household children

- Autos

- Age

- Sick days

- Vacation days

- Mandatory active days

Second year:

- Household children

- Autos

- Sick days

- Vacation days

Transitions:

- Employment (remained same)

- Become employed

- Become unemployed

- Become student

- Change socioeconomic status

Mandatory active days:

Discretionary active days:

• All features in the dataset
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• The results of this paper provide a better understanding of how stable the behavior of individuals is 

across long periods of time

• The main factor was occupation status:

 Full-time employees were the most stable individuals for mandatory, discretionary and all activities

 Students presented the least stable patterns, with high seasonal variations of their mandatory 

activities due to the academic year, but they maintained activity levels for recreation or shopping

 Interestingly, retirees presented relatively stable patterns and relatively high active days

• Life events impact stability:

 Employees who became unemployed increased their variability

 Students who became employed reduced their variability

Conclusions from passive tracking
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Source: Moreno et al. (2024)



• Unlike most existing studies on mobile phone data, our dataset included socio-economic data and trip 

purpose information, allowing us to conduct unprecedented analysis on the stability of travel behavior. 

Future research will include:

 Time spent out-of-home

 Trips by mode

 Recurrence to visit certain areas/points of interest

• Use of time series analyses

• Analysis of shorter periods without considering the impact of life events to distinguish further activity 

purposes

Conclusions from passive tracking

50
Source: Moreno et al. (2024)



Vision of model evolution

51

Synthetic 

population 

2011

Travel 

demand 

2011

Synthetic 

population

2012

Synthetic 

population

2013

Synthetic 

population

2050

Assign-

ment

2011

Travel 

demand 

2012

Assign-

ment

2012

Travel 

demand 

2013

Assign-

ment

2013

Travel 

demand 

2050

Assign-

ment

2050

Integration with land use model

Synthetic 

population 

2011

Travel 

demand 

2011

Population

update

2011-2012

Population

update

2012-2013

Population

update

2049-2050

Assign-

ment

2011

Travel 

demand 

2012

Assign-

ment

2012

Travel 

demand 

2013

Assign-

ment

2013

Travel 

demand 

2050

Assign-

ment

2050

Model vision

Synthetic 

population 

2011

Travel 

demand 

2011

Population

update

2011-2012

Population

update

2012-2013

Population

update

2049-2050

Assign-

ment

2011

Travel demand 

update 

2011-2012

Assignment

update

2011-2012

Travel demand 

update 

2012-2013

Assignment

update

2012-2013

Travel demand 

update 

2049-2050

Assignment

update

2049-2050

State of practice


