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Outline 

Theory
• Public transport and urban sprawl
• Value of time and activity time
• Smart cities and massive data

Practice 
• Dom. Rep. Accessibility and Cluster Analysis
• Value of time and in-vehicle time

• Case study in the Netherlands



Public transport in Santo 
Domingo

Choice set
•Metro Santo Domingo (2008) 
•Bus 
•Public car (carros públicos)

Attribute of the alternatives
•Cost
•Time
•Comfort  
•Reliability …

Attributes of the individual 
•SE: income level
•Location type; new urban developments
•Intrapersonal variation

•temporal and spatial effects 



Urban Sprawl: “the development
trap”
Ortuzar and Willumsen, 2011

 This is the “development trap” that leads to 
further congestion and higher proportion of our 
time spent in slow moving cars. 



“The vicious circle of public 
transport” Economic 

growth 

Increase car-
ownership 

Car becomes 
even more 
attractive

Increase bus 
operating 

costs- Increase 
fares 

More people 
buy car

Change 
location of 

places to live 
and work

Low density 
developments 

more expensive 
to serve 

More congestion 
and delay 
demand

Insidious effect (urban sprawl) 

Ortuzar and Willumsen, 2011



Cómo se adapta esto a nuestra
realidad país?

Cambiar el enfoque 
a innovación y 

ciencia 

Proponer
medidas a 

largo

Movilizar los
tomadores de 

decision 

Unificar
ideales
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1. Simposio
2. Establecer red de 

conferencias
3. Diseñar medidas

estratégicas
4. Evaluar las medidas



Value of time and activity time

Treated as separate notions
• High quality journey; important 

issue in lifestyle and distribution of 
activities. 

people accept noticeable 
higher travel time ratios 
when travelling by public 
transport compared with 
travelling by car



Value of time and activity time

Productivity: positive effects 
on the quality of life

opportunity to use travel 
time productively can be 
expected to impact the 

value of time



Activity fragmentation 

Significant ICT-
related 

innovations

Does it impact 
mobility?

Activity 
fragmentation

:  split one 
activity into 

several 
smaller 
pieces.

The society 
‘on the 
move’, 

experiences 
high 

fragmentation 
of activities

ICT enables 
the activities’ 
fragmentation
; phone calls 

while 
traveling, etc.



How did you get to this meeting today?
Is that “representative” of your average 
trip?

Would you repeat the same travel 
choices tomorrow?

La Paix Puello, L., Olde-Kalter, MJ., Geurs,
K. 2017. Measurement of non-random
attrition effects on mobility rates using trip
diaries data. Transportation research – A:
Policy and Practice 106, 51-64.
https://doi.org/10.1016/j.tra.2017.09.002



MODELIZACIÓN DE LA DURACIÓN DE ACTIVIDADES
MODELLING ACTIVITY DURATION

Frequency and duration of leisure activities 
is substantially linked to week schedule, 
mode choice and activity type

How often do you exercise nowadays ? 

How often do you go for shopping ? 

La Paix, L., Chowdhury, S., and Geurs, K. (2017). Panel Data 
for Modelling Dynamics in Duration of Outdoor Leisure 
Activities. 5th International Choice Modelling Conference, 
3-5 April 2017, Cape Town, south Africa. 
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CONTEXT

People spend time on 
activities

Economy growth

Locations and land-use

Transport network 
connecting places
•opening time of public 
transport

•duration -> service needs

The users characteristics 
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INTRODUCTION
WHAT HAS BEEN DONE?

 Demand for leisure increases - increasing wealth, 

aging populations, and changing lifestyles 

(Grigolon, 2013).

 Analyzed only weekends, none analyzed both 

week and weekends leisure activities



Multiactivity

Fragmentatio
n is directly 

linked to 
multiactivity, 

the higher 
multiactivity 
the larger 

fragmentatio
n.

a “private” 
strategy in 

fragmentatio
n of activities 

which 
influences 

car as mode 
choice. 

High activity 
fragmentatio

n implies 
different 

valuations of 
travel time 

(VTT)

and Value of 
Comfort 
(VOC). 



The availability of massive 
digital traces 

 Analyze mobile call records and GPS tracks of 
private vehicle

 Returners limit much of their mobility to a few 
locations, 

 People tend to engage in social interactions 
with individuals with similar mobility profiles
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Source: 
http://www.nature.com/ncomms/2015/150908/ncomms9166/full/ncomms916
6.html
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What if …GPS and sensor data 

in Santo Domingo is used for 

modelling mobility? 



The availability of massive digital 
traces 

Big data to 
capture human 

mobility 

• a series of novel 
insights on the 
quantitative 
patterns

Sources of data 

• Signals: e.g. GPS 
and GSM (calls) 

• Sensors 

Study in Italy

• returners and 
explorers

• develop more 
realistic models 
able to capture 
the empirical 
findings
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The availability of massive digital 
traces 
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A visualization of the complexity 
of the explored mobility patternsThis plain geo-referenced visualization 

of experimental data reveals the 
confrontation of two ‘competing’ 
metropolitan area

Source: Pappalardo, L., Simini, F., Rinzivillo, S., Pedreschi, D., Giannotti, F., & Barabási, A.-L. (2015). 
Returners and explorers dichotomy in human mobility. 6, 8166. doi:10.1038/ncomms916



The availability of 
massive digital 
traces 

21/01/2018 19

Informal 
transport: 
• No routes or 

schedule. Use of 
smartphone data 
investigate routes, 
speeds

Use of 
“common” 
technology 

i.e.15% 
population 

have 
access to 

smartphone
s

Safety: 
Control 
speed, 
street 

lighting, 

Smartcard 

Reduce 
rider anxiety



Informal transport services are vital for 
residents.

 Cities face challenges 
improving transport 
technologies
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BebaPay smartcard

 Crews to accept cashless 
fare collection methods 

Drivers’ incomes come from a 
percentage of cash fare exchanges 
and they do not have the incentive 
to use cashless fare collection.



The data from mobile phones

What is 
‘Crowdsourcing’? 

The process of obtaining 
needed services, ideas, or 

content by soliciting 
contributions from a large 
group of people, online 
community, rather than 

from traditional employees

Implement
ations to 
transport

•Collecting feedback
•e.g. Fietserbond, 

Neighbourhood, 
http://seeclickfix.com/

•Data collection: 
•Route choice (lecture), 

real-time data of, e.g. 
bus locations

•Changing mobility 21/01/2018 21



Monitoring Data: The brain of 
smart cities 

Service oriented 
to users 

Smartphones can 
improve mass 

transport users’ 
experience and 

transport planning

The usability of the 
data to analysed travel 

behaviour. 

The role of 
mathemati
cal models
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Masal-Llacuna et al , 2015. Lessons in urban monitoring taken from sustainable and livable cities 
to better address the Smart Cities initiative. Technological Forecasting and Social Change. 90, 
611-622. 



Monitoring Data: The brain of 
smart cities 
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Big mobility data
• Real mobile activities 
• Continuously sampled 
• Non-semantic 

annotation or context
• (Big) size and (high) 

precision 

Surveys 
• (High) cost 
• (Infrequent) periodicity
• (quick) obsolescence 
• (in)accuracy 



Monitoring Data: The brain of 
smart cities

Ethical issues
Major privacy concerns
There are clear issues of copyright
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Monitoring Data: The brain of 
smart cities

• Specific studies/activities mapped from 
crowdsourced data, e.g. Instagram, flickr, 
facebook check-in for tourism activities  

Use of social networks 
sources to map 

geolocated information, 
e.g. Twitter, 

• E.g. Mapping popularity of urban 
restaurants using social media data 

Analysis of spatial 
clusters

• visitors or public places by residence 
location Analysis of flows

21/01/2018 25



Monitoring Data: The brain of 
smart cities 

 Inductive loops for bicycle flow estimations 

 Comparison with traditional national data (e.g. Ovin)

 Network dynamic measurement

 Before, during and after a policy implementation

 More in lecture by Sander Veenstra 
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Source: SUNSET project.



Monitoring Data: The brain of 
smart cities 

 Using big data to 
calculate 
Dynamic
accessibility
(concept)

 E.g. tomtom
data

Source: Moya-Gómez and 
García Palomares (2015). 
European Transport 
Research Reviews.
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Outline 
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• Value of time and activity time
• Smart cities and massive data

Practice 
• Dom. Rep. Accessibility and Cluster Analysis
• Value of time and in-vehicle time

• Case study in the Netherlands



There is improvement, but: 

is that improvement balanced over the country or is it 
increasing “polarization”? 

29



Equity analysis

Social Territorial 
equity

Equity 
assessment Polarization 

30

Equity & AMM: provide options that allow affordable and equitable 
transportation opportunities for all sections of society



Equity indicators 

Travel times zone 
to zone 
Accessibility  -
balance

Spatial equity 
Income per 
capita
Illiteracy rate
Basic education
rate
Maternal 
mortality rate

Social Equity
indicators

31



Dom. Rep. Accessibility and 
Cluster Analysis

32

N
Cluster 1: Capital 
(national district)

1

Cluster 2: Isolated 
provinces

20

Cluster 3: Touristic places 
or industry

11

Total 32



Step 2/3: Cluster analysis

 Variables in sociodemographic cluster analysis
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Variable Cluster 1
National District

Cluster 2
Isolated provinces

Cluster 3
Touristic places

Maternal mortality rate 79.20 102.62 103.19

Illiteracy Rate 7.42 20.64 12.8
% completed secondary
education 32.1 14.6 17.2

Per capita Income (rd$
2010) 59391.65 17579.93 27154.41



DR: Accessibility Analysis
From case studies to GIS 
scenarios

𝐴𝐴𝑖𝑖 = �
𝑗𝑗

𝑃𝑃𝑗𝑗
𝐷𝐷𝑖𝑖𝑗𝑗
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𝐶𝐶𝑉𝑉𝑠𝑠 =
𝜎𝜎𝑃𝑃

∑𝐴𝐴𝑖𝑖
𝑠𝑠𝑃𝑃𝑖𝑖

∑𝑃𝑃𝑖𝑖

𝐴𝐴𝐶𝐶 =
𝐴𝐴𝑖𝑖𝑖𝑖 − 𝐴𝐴𝑖𝑖𝑠𝑠

𝐴𝐴𝑖𝑖𝑖𝑖
𝑥𝑥 100

The scenarios are set-up as follows:

• Baseline or do-nothing
• Scenario 1: speed is increased 10% in

the local streets of Santo Domingo
• Scenario 2: speed is increased 10% in

the local streets of Santo Domingo and
Santiago

• Scenario 3: increase 10% speed in
major roads

• Scenario 4: Puerto Plata +10%
(ongoing)



Step 3/3: Scenario development 
and global performance

Reduce travel 
costs

Transport 
Measures

•Infrastructure
maintenance --> 
10%Kph+

•Remove traffic 
lights major roads

•Pedestrian safety. 
.Other measures

Problem

•Speed
•Geometric

design

35



DR Accessibility 
Analysis
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Change in accessibility Scenario 1

Change in accessibility Scenario 2

Change in accessibility Scenario 3

Source: La Paix, L., Pritchard, J., and Gómez-Ramírez, F., (2016). Highway
Access Management, infrastructure and equity. A case study in Dominican
Republic. Nectar Cluster Workshop Warsow, October 2016.



Step 3/3: Cluster analysis –
Accessibility and Equity
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Number of Cases in each Cluster

Cluster 1 Medium 529
2 High 1
3 Poor 1035

Valid 1565

Final Cluster Centers
Cluster

1 
Medium 2 High 3 Poor

Mortality Maternal Rate 92.4 79.2 96.1

Illiteracy Rate 32.8 7.4 20.0
Highschool Education 
Net Rate (%)

32.6 43.5 24.8

Income per capita (RD$ 
2010)

28672.2 59391.7 17913.4



Step 3/3: Cluster analysis –
Accessibility and Equity
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Number of Cases in each Cluster
Cluster 1 Medium 714

2 High 825
3 Poor 26

Valid 1565

Final Cluster Centers
Cluster

1 Medium 2 High 3 Poor

Maternal Mortality Rate 102.8 87.7 99.9

Illiteracy Rate 22.6 24.5 63.2
Income per capita (RD$ 
2010)

17951.5 24844.1 17444.3

Highschool Education Net 
Rate (%)

14.1 17.9 12.5

Scenario 3 change 
accessibility

281698.8 183203.8 0.0
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Legend
Duarte Highway

Census Zones 
Accessibility (SC.3) and Sociodemographic Cluster

Cluster 1

Cluster 2

Cluster 3

General Map

Accessibility changes and 
sociodemographic Clusters

Sociodemographic Clusters



Step 3/3: Pearson Correlations: 
Accessibility and Equity

Pearson’s correlations Basic 
Education
Net Rate

Highschool 
Education
Net Rate

(%)

Education
Coverage

Rate

Average travel time 
Baseline -.365** -.371** -.406**

Average travel time 
Scenario 1 -.365** -.371** -.406**

Average travel time 
Scenario 3 -.352** -.358** -.393**

40

Diff. 1.3%

Units: Province N=32

Units: 
Census 
Zone
N=1565



Future work

 Develop scenarios

 E.g. safety, new/improved infrastructure, public transport 

 How to “materialize’” Safety?

 Global analysis 

 Develop a decision making tool 

 Limitations: data availability and accuracy

41



TOD, Mode Choice 
and Value of Time



Modelling access and egress mode choice to train stations using 
multilevel hierarchical mixed logit models 

43

Access and 
egress to train 

stations Value 
of time 
(indivi
dual 
comp
onent)
•Mode 
specific 
value of 
time 

In-vehicle 
travel time 
(temporal 
component)
• Interconnec

tivity ratio

Station 
effects 

42% bicycle access
14% bicycle 
egress 
(Netherlands)



Concept: TOD
 Transit Oriented Development : local 

level, i.e. project
 Available in other geographical scales: 

Regional (transit oriented cities); 
Comunities (places) 

 Density: population, jobs, etc.
 Diversity: Mixed-use development 

(retail, apartment, office, shopping 
mall, apartment, etc.)

 Design: pedestrian scaled and 
pedestrian oriented facilities including 
wide sidewalk, and bus stop facility in 
the center distance.

 Destination accessibility: job proximity
 Distance: proximity to transit. 

TOD

Low 
emissions 

Transit 

Walking 

Density 

Diversity 

Design 

Diversity 

Distance 

Demand 



Conclusions 
 “Ridership bonus”: increment in ridership given by residential 

location (residential self-selection effect)

 Placing work sites near transit is not enough: constraint or 
encourage car would influence transit a lot!. 

 Open the box for policy initiatives, car use limitation measures, 
parking lots, paid parking and telework. 

 However, there is not direct relationship between a nested 
structure and self-selection, correlation between alternatives 
does not mean causality (See Cao et. Al 2008 – Ref. 2)

 Other structures captures better the sensitivity within a nest 
(near the station, close to the station). See for example, Bhat
and Guo, 2007 – Ref. 3. 

45



Transit Oriented Development in 
the Randstad Southwing

46



Modelling access and egress mode choice to train stations using 
multilevel hierarchical mixed logit models 

 Data and Methods 

47

La Paix Puello, L. C. & Geurs, K. T. (2016) Train station access
and train use: A joint stated and revealed preference choice
modelling study. To be published in: Geurs, K.T., R. Patuelli, T.
Dentinho (Chapter 8), Accessibility, Equity and Efficiency.
Challenges for transport and public services. Edward Elgar,
Northampton (USA).



Modelling access and egress mode choice to train 

stations using multilevel hierarchical mixed logit models 

48

La Paix-Puello, L. C. & Geurs, K. T. (2016) Integration of
unobserved effects in generalised transport access costs of
cycling to railway stations. European journal of transport and
infrastructure research. 16 (12) 385-405.
http://www.tbm.tudelft.nl/fileadmin/Faculteit/TBM/Onderzoe
k/EJTIR/Back_issues/16.2/2016_02_05.pdf

http://www.tbm.tudelft.nl/fileadmin/Faculteit/TBM/Onderzoek/EJTIR/Back_issues/16.2/2016_02_05.pdf


Random utility

49

𝑉𝑉𝑖𝑖𝑖𝑖 = �𝛽𝛽𝑖𝑖𝑖𝑖𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖

 We are interested in the behaviour of a number of individuals 

 Each individual experience an utility of choosing alternative 

Explanatory 
variables 

Utility

Choice

𝜀𝜀𝑖𝑖𝑖𝑖

𝑃𝑃𝑖𝑖 𝑖𝑖 =
𝑒𝑒𝑉𝑉𝑖𝑖𝑖𝑖

∑𝑗𝑗 𝑒𝑒
𝑉𝑉𝑗𝑗𝑖𝑖



Binary choice model 
𝑃𝑃 𝐶𝐶 𝐶𝐶 𝑇𝑇 = 𝑃𝑃(𝛽𝛽1𝑇𝑇𝑐𝑐 + 𝜀𝜀𝑐𝑐 ≥ 𝛽𝛽1𝑇𝑇𝑇𝑇 + 𝜀𝜀𝑇𝑇)

𝑃𝑃 𝐶𝐶 𝐶𝐶 𝑇𝑇 = 𝑃𝑃(𝛽𝛽1𝑇𝑇𝑐𝑐- 𝛽𝛽1𝑇𝑇𝑇𝑇 ≥ 𝜀𝜀𝑇𝑇 − 𝜀𝜀𝑐𝑐

= 𝑃𝑃 (𝜀𝜀 ≤ 𝛽𝛽1 𝑇𝑇𝐶𝐶 − 𝑇𝑇𝑇𝑇 )

50

Protagonist ?

Where 𝜀𝜀 = 𝜀𝜀𝑇𝑇 − 𝜀𝜀𝐶𝐶



Error term
 The distribution 

 Normal distribution: probit model

 Extreme Value distribution: Logit model 
 Binary logit model 

 𝑃𝑃( 𝐶𝐶 𝐶𝐶,𝑇𝑇 = 𝑒𝑒𝜇𝜇𝑉𝑉𝐶𝐶
𝑒𝑒𝜇𝜇𝑉𝑉𝐶𝐶+𝑒𝑒𝜇𝜇𝑉𝑉𝑇𝑇
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𝑉𝑉𝑐𝑐 = 𝛽𝛽1𝑇𝑇𝑐𝑐 + 𝜀𝜀𝑐𝑐
𝑉𝑉𝑇𝑇 = 𝛽𝛽1𝑇𝑇𝑇𝑇 + 𝜀𝜀𝑇𝑇

Who is 𝛽𝛽? 
Which is the adequate 𝜀𝜀?
Who is 𝜇𝜇?



Binary Logit Model 
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𝛽𝛽 parameters to be estimated from the data via mathematical 

optimization algorithms (maximum likelihood). 

𝑉𝑉𝑐𝑐 = 𝛽𝛽1𝑇𝑇𝑐𝑐 + 𝜀𝜀𝑐𝑐
𝑉𝑉𝑇𝑇 = 𝛽𝛽1𝑇𝑇𝑇𝑇 + 𝜀𝜀𝑇𝑇

𝑃𝑃( 𝐶𝐶 𝐶𝐶,𝑇𝑇 =
𝑒𝑒𝜇𝜇𝑉𝑉𝐶𝐶

𝑒𝑒𝜇𝜇𝑉𝑉𝐶𝐶 + 𝑒𝑒𝜇𝜇𝑉𝑉𝑇𝑇

𝜀𝜀 logistic allows more flexible structure

𝜇𝜇 is the scale parameter, in binary 

logit models, it is equal to 1, indicates 

independence. In other models (see 

later) it defines correlation



Modelling access and egress mode choice to train 
stations using multilevel hierarchical mixed logit models

0
0.05
0.1

0.15
0.2

0.25
0.3

0.35
0.4

0.45

< 1km 1-2 km 2-3 km 4 km 5 km 6 km

Average probabilities and walking distance to the station

Bicycle (MLHM) Bicycle (ML) BTM (MLHM)
BTM (ML) Car (ML) Car (MLHM)
Walk (ML) Walk (MLHM) Non-train (ML)
Non-train (MLHM)
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Results 
Forecasting 





Mode-specific VoTs and 
goodness of fit 

  ML 
Access 

ML 
Egress   

MLHML 
Access 

MLHML 
Egress  

Ratio in-
vehicle 
/access 

Ratio i
vehicl  
/egres  

Trip purpose: Work     23.11   1.78   
BTM-in train time             
Mode- specific VoTs             
VoT BTM 21.49 -         

In-train time 1: 15 min     8.94 - 0.69   
In-train time 2: 30 min     12.49 - 0.96   
In-train time 3: 60 min     30.38 - 2.34   

In-train time 4: +60 min     30.76 - 2.37   
VoT bicycle 25.96 17.47     0.00   

In-train time 1: 15 min     11.91 15.77 0.92 1.21 
In-train time 2: 30 min     28.14 17.35 2.16 1.33 
In-train time 3: 60 min     23.3 11.77 1.79 0.91 

In-train time 4: +60 min     31.1 25.16 2.39 1.94 
VoT OV-fiets (public bicycle)   -   0.15     
Goodness of fit              
Rho-squared 0.55  0.53 0.57 0.54  

 

Final log-likelihood  -7149 -4728 -4448 -4777     
Number of observations  9144 5730 9144 5730     
Number of individuals  1524 955 1524 955     

 





Direct and cross elasticities

% of change in probability due to 1% 
variable increase 

Models 
Standard 

mixed logit 
(ML) 

Standard 
mixed logit 

(ML)  

MLHML MLHML 

 Access Egress Access Egress 
Direct elasticity of bicycle time on bicycle 
share -0.56 -0.342 -0.65 -0.57 

Direct elasticity of BTM cost on BTM share -0.36 -0.335 -0.44 -0.93 
Direct elasticity of bicycle parking cost (on 
bicycle) -0.32 -0.156 -0.38 -0.50 

Cross-elasticity of bicycle parking cost on 
walking access 0.19 0.041 0.26 0.13 

Cross-elasticity of bicycle parking cost on 
BTM access 0.13 0.131 0.13 0.33 

Cross-elasticity of bicycle parking cost on car 
access 0.18  0.11  
Cross-elasticity of bicycle parking cost on OV-
fiets egress 

 0.035  0.12 

 



Thank you!

Questions

Contact: l.c.lapaixpuello@utwente.nl

mailto:l.c.lapaixpuello@utwente.nl
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