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Abstract   The aim of this paper is to provide an overview of how new data collec-

tion methods and the various advances in urban travel demand modelling are im-

proving the understanding of mobility. These new modelling applications and data 

allow for a study of both new disruptive transport services and changes in travel 

behaviours in the “Mobility as a Service” (MaaS) context that need to be overcome 

in the future. 

1 INTRODUCTION 

Some European cities are intending to reduce the use of private vehicles with am-

bitious mobility plans (Ajuntament de Barcelona 2013). In addition, new transport 

services are being incorporated in the cities, with a possibility of changing travel 

patterns in the future. As such, the question of what should be done and how should 

new measures be proposed to generate the expected modal shift needs to be ad-

dressed. We need to be able to model, at least in a simplified way, the impact of 

these services under different policies and interventions, but how? 

Technological advancements and the rise of both the sharing and social economy 

have unravelled new opportunities for products and services in the transport sector. 

New mobility services, like vehicle sharing and peer-to-peer mobility, have chal-

lenged the public transport establishment and personal vehicle ownership. Moreo-

ver, the car industry has started diversifying its portfolio, from selling vehicles to 

selling services. As such, disruptive innovations like these have the power to rede-

fine industries and users behaviour (Furuhata et al. 2013; Delbosc and Currie 2016). 

This new type of spatiotemporally flexible mobility poses considerable chal-

lenges for travel behaviour modelling. For instance, ridesharing is a form of coop-

eration that is difficult to conceptualise and model using standard travel behaviour 

theories and methodologies (Stathopoulos et al. 2017). 

In light of the evolving demographics and in addition to the improving technol-

ogy, user preferences, lifestyles and connectedness, and the landscape of mobility 

is changing. For example, while the Baby Boomers’ vehicle buying habits were 

fuelled by the car’s role as a status symbol, the significance of car ownership for 

millennials has significantly decreased. Instead, the younger generations place 
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much higher values on the electronic devices they own and the digital products they 

use (Kamargianni and Polydoropoulou 2014).  

The importance of all these personal attributes is being recognised as part of the 

paradigm shift that is taking place in the transport systems of cities, but the 

knowledge regarding the interactions between these changing preferences and mo-

bility choices is still limited. 

Indeed, through the combination of these two major changes in mobility services 

and lifestyles, we are on the precipice of entering a new concept of mobility and 

travel alternatives. Traditionally, the majority of transport services involves private 

vehicles or public transport services separately, and a limited number of stakehold-

ers, be it private companies or public transport authorities. Yet, due primarily to the 

development of Intelligent Transport Systems (ITS) and innovations in social media 

networks, new mobility solutions based on shared services have been emerging 

across European cities, and the concept of “Mobility as a Service” (MaaS) has re-

cently come to light (see Kamargianni et al. (2016), for instance).  

However, we still lack the knowledge, methodologies, and tools required to cap-

ture the dynamics and changing roles, and to quantify the impact of new mobility 

solutions on the city and the environment. Newly revealed information on prefer-

ences will now be available with these digital platforms, offering a chance to im-

prove knowledge on the users. 

In addition to affecting travel behaviour and travel alternatives, current and 

emerging information communication technologies are providing massive amounts 

of data regarding current trips within urban regions (Miller 2017). New data 

sources, such as mobile call data records, smart card data, and geo-coded social 

media records allow for an understanding of mobility on an unprecedented level of 

detail.  

The applied statistical models have also become more sophisticated, as compu-

tation power has grown exponentially over the last decades and more data has be-

come available. As such, the evolution from trip- to activity-based models is the 

most important change. 

The aim of this paper is thus to provide an overview of how new data is already 

improving the understanding of mobility and how urban travel demand modelling 

is being adapted to these newly available data and new transport systems. The chap-

ter is structured as follows. Section 2 focuses on variables and the data needed in 

travel demand modelling, with a state of art take on the evolution of the variables 

considered, along with the contribution of new data in the obtaining of them. Sec-

tion 3 presents the modelling framework, from the traditional four step models to 

the main new approaches of activity-based and agent-based models. Finally, Section 

4 opens up a discussion regarding the future travel demand modelling in the context 

of MaaS, and possible lines of future research. 
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2 UNDERSTANDING URBAN MOBILITY 

We have reached a time when the complexity of urban travel is growing due to 

changes in lifestyle and the availability of travel alternatives. As such, multiple var-

iables have to be considered when analysing these trips. Furthermore, new technol-

ogies have opened up a world of newly-available data which can be used to better 

understand urban mobility. Based on these modelling tendencies, current behaviour 

patterns should be taken as a premise, which will be reshaped to a greater or lesser 

extent with MaaS models, depending on other characteristics of the individual and 

their environment (Giesecke 2016; Matyas and Kamargianni 2017). 

2.1 Trends in Relevant Variables for Travel Demand Modelling 

The number of factors that have been observed in travel demand modelling has in-

creased based on the growth of available data and complexity of travel patterns in 

urban areas.  

Besides the factors that affect travel decisions, different approaches have been pro-

posed to understand the causality mechanisms of users in their process of making a 

travel decision. Alternative theories to the classical theory of random utility maxi-

mization have been tested, such as the regret theory (Chorus et al. 2008) or the the-

ory of travel planned behaviour (Ingvardson et al. 2017). The behaviour modelling 

approaches are out of the scope of this paper, but it is to be noted that the review 

authored by Chen et al. (2016) can shed light in these theories. 

2.1.1 Socio-Demographics, the Built Environment and Trip Related Factors 

For nearly all types of travel behaviour, three categories of factors have been con-

sistently found to be crucial: socio-demographics, the built environment (e.g. den-

sity, diversity, design and the distance decay effect) and trip related factors (e.g. trip 

purpose, travel time and costs, or reliability) (Chen et al. 2016). 

For years, socioeconomic factors and attributes of transport alternatives (so 

called instrumental variables) were considered key elements of transport demand 

models in the decision-making processes, with travel time and costs being the rele-

vant attributes used in explaining mobility patterns (Koppelman and Bhat 2006). 

Some authors have begun to include additional characteristics regarding the res-

idential area of people and their activities, including the number of transfers they 

make, the accessibility and variables related to land use (Eboli and Mazzulla 2010; 

de Abreu e Silva et al. 2012). Aditjandra et al. (2012), for example, demonstrated 

the attractiveness of public transport when there is a high level of service, including 

accessibility or neighbourhood characteristics. In the case of commuters, their 
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workplace, their type of residence neighbourhood, and the land use determine their 

travel (Ye and Titheridge 2017). 

2.1.2 Perceptions, Attitudes and Lifestyle 

Traditionally, studies have tended to use socio-demographic and built environment 

variables for clustering users (see Guiliano and Hayden (2005)). However, over the 

last two decades, there has been an increasing interest in the approaches that are 

segmented by attitudes with latent variables (Shiftan et al. 2008; Diana and 

Mokhtarian 2009). In addition to the number of measurable variables, there has been 

a growing awareness with regards to the complex interaction between various atti-

tudinal and perception factors in the decision-making process (Ben-Akiva et al. 

2002). 

After all, there are different travel patterns in homogeneous socioeconomic and 

residential groups (Van Wee 2002). Transport researchers have often evaluated the 

quality of the public transport service based on the passengers' cognitive expecta-

tions, such as comfort, reliability and sense of security (Vredin Johansson et al. 

2006; Eboli and Mazzulla 2007; Tyrinopoulos and Aifadopoulou 2008; de Oña et 

al. 2013). However, the experience as a whole is seldom studied (Carreira et al. 

2014). 

The holistic nature of the travel experience suggests that there is an involvement 

of both cognitive aspects and emotional components. This indicates that the model-

ling of travellers’ behaviour should not only focus on objective measures and cog-

nitive aspects, but also on variables that  address attitudes, personal attributes, and 

even lifestyles (Van Acker et al. 2014; Bahamonde-Birke et al. 2015).  

In this vein, some authors have touched on factors that are not directly control-

lable but that can influence the passenger's experience, such as social interaction or 

habit formation (Ingvardson et al. 2017). A number of current individual-specific 

variables are also included in some recent studies, such as a concern regarding the 

environment (Shiftan et al. 2008) or fairness (Kaplan et al. 2014), an interest in new 

technologies (Garikapati et al. 2016), or loyalty felt for a given transport mode 

(Shiftan and Shefer 2015; Şimşekoğlu et al. 2015; van Lierop and El-Geneidy 

2016).  

2.1.3 Millennials  

Despite numerous studies dealing with the inclusion of latent variables, those that 

address the issue from the perspective of the new generations are still scarce. Re-

cently, there has been considerable rise of interest in the activities, travel and time 

use patterns of millennials (Zhang et al. 2016).  
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Some studies suggest the "life-oriented approach", where the young’s way of 

living in cities and their decisions are studied. An example of this type of study is 

the one conducted by Xiong and Zhang (2016), where the effects of land use and 

transport networks are associated with the quality of life of young people. The con-

clusion was that they prefer public transport-oriented cities. In addition, some re-

searchers suggest that millennials are more likely to use alternative transport modes 

than that of previous generations (Kroesen and Handy 2015). 

In following with circumstantial aspects, the use of new technologies and social 

media networks have been a topic of discussion. A debate is open  as to whether 

communication technologies complement, increase, or decrease traveling with 

young people (Mans et al. 2012; Delbosc and Currie 2016). 

Consequently, some structural changes in young people suggest a downward 

trends in car ownership in some developed countries, which have begun to attract 

attention among decision makers within and without the car industries (Kuhnimhof 

et al. 2011; Davis et al. 2012). The observed shift in the perception towards cars, 

associated to the decline in their use, suggests the need to look for the correlations 

and causalities of such changes (Garikapati et al. 2016). 

2.2 New Data Sources and Collection Methods 

In addition to these growing numbers of factors influencing mobility patterns in 

urban areas, more data is available for their understanding. Thus far, all these vari-

ables have been obtained with traditional methods, of which the most important is 

the survey. Revealed preference (RP) and stated preference (SP) surveys are used 

to collect data regarding the household/individual travel diary, attitudes or opinions 

of people about the system or service, and to count agents (people or vehicles) that 

are using the transport system (Rashidi et al. 2017). 

Before the tracking of users became possible through mobile phones, public 

transport smart cards transactions, or Global Positioning System (GPS) enabled de-

vices, it was difficult and expensive to generate large scale samples that allowed the 

development of accurate travel demand models (Anda et al. 2016). As a result, the 

new rise of these avenues of technology had been employed to collect these house-

hold travel survey data, or even count data, in a cost effective manner.  

2.2.1 Trace Data Generated by GPS, Smart Cards and Mobile Phones 

Firstly, the resolution and accuracy of GPS data allows the creation of inference 

models and advanced data mining techniques (Anda et al. 2016). The models esti-

mated with GPS data showed greater significance, due to it having less measure-
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ment error. This technology collects the travel patterns more precisely, thus reduc-

ing the bias by collecting data from short trips not reported in traditional surveys 

(Ribeiro et al. 2014). Studies show the applicability of this technology, once treated 

and crossed with other data, in obtaining trip purposes and travel modes (Bohte and 

Maat 2009), origin and destination information (Bricka et al. 2012; Kelen et al. 

2017), or activity travel diaries (Feng and Timmermans 2014). 

The data generated through Smart Cards and mobile phone networks are large-

scale opportunistic human mobility sensors, due to its wide-coverage and level of 

detail (Anda et al. 2016). Mobile phone trace data may represent a reasonable proxy 

for individual mobility, with large trip samples and origin-destination matrices that 

are based on call detail records (Calabrese et al. 2013; Gundlegård et al. 2016). In 

contrast, smart card transactions are usually used more for validation purposes, as 

in the case of Anda et al. (2016), who validated the mode imputation results of the 

supervised-learning framework of their multi-agent transport simulation. 

See Chen et al. (2016) for a more detailed description of current methodologies 

in pre-processing, inferring of activity locations (trip purposes), deriving origin-

destination matrices, and inferring modes and route choices.  

2.2.2 Social Media Data Generated Voluntarily by Users’ Online Activities  

As the sharing locations and activities on social media platforms is becoming in-

creasingly popular, such data can reveal the destination choice and activity patterns 

of users (Hasan and Ukkusuri 2014; Huang et al. 2017).  

Indeed, the capacity of social media platforms, such as Facebook, Twitter, Insta-

gram, and even LinkedIn, for the provision of this information on daily travel has 

been briefly examined (Kuflik et al. 2017; Stock 2018). Chen et al. (2016) and 

Rashidi et al. (2017) presented possible ways of using geo-tagged social media data 

to understand travel in urban areas, instead of using traditional methods of data col-

lections. 

Twitter was the most used social network in the analysing of geo-tagged activi-

ties (Jurdak et al. 2015) and users’ perceptions (Pournarakis et al. 2017). Rashidi et 

al. (2017) showed Twitter data usefulness as an input for some elements of activity-

based models, such as trip purpose, through applying linguistic mining techniques 

to text of tweets, or departure times and activity location, with the time tag and 

geocode of the tweets.  

Pender et al. (2014) made a review paper discussing the applications of social 

media data in domains related to public transport. Through this body of work, he 

concluded that social media complements the need for real-time and accurate infor-

mation in the management of unplanned transit disruptions.  

Points of interest and land use information extracted from these new sources can 

also function as supplementary datasets to traditional data. The purposes of these 
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datasets are (i) to validate findings extracted from the analysis of large-scale human 

mobility sensors (ii) to define scaling factors to extend results to the overall popu-

lation and (iii) to increase information about urban space, in order to extract higher-

level patterns (Calabrese et al. 2014). 

3 URBAN TRAVEL DEMAND MODELLING FRAMEWORK 

The following two approaches for travel demand forecasting can be distinguished: 

The first are aggregated models in which travel demand is specified as aggregated 

transport flow between zones, and the second are agent-based models that maintain 

travel demand at the level of individuals throughout the model. Lately, it has been 

argued that the models based on individual level data sources improve aggregate 

level models in terms of policy appraisal (Rashidi et al. 2017). 

The aim of such models is not only to replicate with relevant accuracy the pat-

terns of actual mobility, but also for the application of what-if scenarios to evaluate 

the impact of different transport changes. 

3.1 The Classical Four Step Models 

This traditional practice in transport demand modelling relies on a static represen-

tation of travel behaviour,  which is mainly based on trip-based approaches (Ben-

Akiva and Bierlaire 1999; Koppelman and Bhat 2006; Sivakumar 2007). This im-

plies that even complex model systems are based on one-point time reference data. 

This trip-based approach consists of four sequential steps (trip generation, trip dis-

tribution, mode choice, and route assignment), with the analysis of the isolated trips 

at an aggregated level. 

Data requirements for the four step modelling include household travel survey 

information, census information, and a representation of the transport network. Typ-

ical outputs include the market shares and changes in demand, willingness to pay, 

identification of the factors that affect individual choices and trade-offs (including 

latent variables), taste heterogeneity and elasticities (Stathopoulos et al. 2017). 

An advantage of using this method of trip-based modelling would be in that they 

require less data than other types of models, by considering each individual choice 

as an observation, and are flexible when considering variables that are relevant to 

the study. Besides, the coefficients of the explanatory variables have a direct inter-

pretation of the marginal utility, i.e. the additional utility derived from an extra unit 

of a variable; see Ortúzar and Willumsen (2011). 

However, this approach limits the ability to analyse system changes, individual 

adaptation, and new technology uptakes. This is as the construction of models is 
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based on the concept of utility maximization, neglecting evidence relative to alter-

nate decision strategies that involve household dynamics, information levels, choice 

complexity or habit formation. There is a misspecification of individual choice sets, 

which stems from the inability to establish distinct choice alternatives available to 

the decision-maker in a constrained environment (McNally 2000). 

SP surveys typically collect data on hypothetical future scenarios, but observa-

tions are collected at a single time-point and would not monitor the actual behaviour 

over time. Furthermore, causal relations among indicators are based on modelling 

concepts, and are not updated to take into account the system changes and agents’ 

adaptation (Stathopoulos et al. 2017). 

Therefore, one of the biggest disadvantages of these models would be in the fact 

that they do not capture the individual travel behaviour. That is why agent-based 

models have widened the range of issues that can be addressed, through modelling 

individuals separately. 

Another main disadvantage would be that they ignore the spatial and temporal 

interrelationship between all trips and activities that would comprise the individual 

activity pattern. Thus, the models based on activities have gained strength for some 

modelling objectives. An activity-based model is an agent-based demand model that 

would cover trip generation, modal split, destination choice, etc. based on holistic 

activity patterns. As such, the demand part of the agent-based model is usually based 

on the activities. 

3.2 Activity-Based Models 

The travel demand models have evolved recently from trip and tour based models 

to that of activity-based models. They assume that the need of the population to 

travel is determined by their need to participate in activities. In these models, activ-

ities and travel decisions are linked to the choice of transport mode and the destina-

tions; see Habib (2011), Shiftan and Ben-Akiva (2011), Auld and Mohammadian 

(2012) or Bekhor et al. (2014). 

The key difference in these models is that they are not generated by examining a 

trip or an individual’s particular decision, but through the examination of all their 

trips and activities of the day, based in a temporal sequence.  

Some of the existing studies vary by activity-based model type:  

 Rule-based simulation activity-based models: examining whether an individual’s 

activity agenda is feasible within the particular space-time constraints (Bao et al. 

2015, 2016; Rasouli 2016). 
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 Based on random utility-based discrete choice models: derived from the maxi-

mum level of utility expected for an individual when choosing between all pat-

terns of activities he/she has available during the day (Castiglione et al. 2003; 

Bekhor et al. 2014; Zhuge et al. 2017). 

 Computational models: with applied decision heuristics to avoid the unrealistic 

assumption that individuals are maximizing the utility of their daily schedule 

(Arentze et al. 2000). 

Some of these treat the activity-scheduling part without the route choice compo-

nent (Castiglione et al. 2003; Rasouli 2016), addressing only the demand part of the 

model. Other models include the traffic assignment step, at which the demand is 

integrated with the supply (Veldhuisen et al. 2000; Bekhor et al. 2014; Zhuge et al. 

2017).  

Indeed, while most of the activity-based models create full day activity sched-

ules, they fail to take the dependency on the preference of time over a day (Saleem 

et al. 2018). Arentze et al. (2000), Bowman and Ben-Akiva (2000) or Habib (2011) 

deal with this time dependency and activity scheduling problem.  

The Association of Metropolitan Planning Organizations (AMPO) (Resource 

Systems Group 2012) and the SHRP2 report of Transportation Research Board 

(Castiglione et al. 2015) identify the following benefits with these kinds of models: 

 Travel is organised into coherent tours: it allows the models to respond more 

logically to changes in daily activity patterns. 

 Each traveller can be identified throughout (by not only purpose and mode): this 

helps to understand how projects and policies affect different categories of peo-

ple. 

 Each traveller’s personal attributes inform unique choices: the users are more 

disaggregated, with the use of individuals instead of discrete classes. 

 The passage of time is accounted for: the context of the trip is known, in terms 

of what other activities happen before or after it. 

 Data organization is flexible: new descriptive variables can easily be added. 

 Inputs are better for externalities and overall accessibility evaluation. 

 They allow flexibility to deal with induced demand. 

Bowman and Ben-Akiva (2000) concluded that these models, in general, are sat-

isfactory with regards to capturing the heterogeneity of individuals. The greatest 

disadvantage of these models would be the large amount of data needed, as they 

require a cross between land use, the origin-destination matrix, and information on 

the areas generating the different activities.  

New methodologies to extract data from social media and ubiquitous sensing are 

needed for the estimation and calibration of the proposed models. The data can be 

processed using different types of algorithms (such as statistical, genetic, evolution-

ary, fuzzy logics, etc.) to obtain the information needed regarding the individuals’ 

in-home and out-of-home activities, transport mode, attitudes, etc. 
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Finally, while activity-based models allow the generation of spatially and tem-

porally disaggregated description of travel demand, for the case of route choices 

and traffic simulation, this travel demand is often aggregated again to the origin-

destination matrices. This restriction was originally due to the lack of simulation 

models able to process large areas, but is still applied today due to the computational 

requirements of agent-based transport simulation (Anda et al. 2016). 

3.3 Agent-Based Models 

These models take into account the effects on the individual’s behaviour within the 

entire travel process (e.g. transport mode, route chosen and even parking in the case 

of private vehicles). For cases of this, see Bekhor et al. (2010), Tan et al. (2012) or 

Bischoff and Nagel (2017). 

Agent-based models usually obtain the travel demand from activity-based mod-

elling approaches, but employ microscopic and time-dynamic traffic simulation of 

each agent’s behaviour based on system constraints, which are given by the 

transport network. Besides the enhanced behavioural consistency, this also allows 

for the modelling of new policies, such as time- and demand- dependent pricings 

and newer forms of mobility, such as shared vehicles (Anda et al. 2016). 

As such, the advantages of these types of models would be that: (i) they can 

explicitly simulate the interactions between time and space, producing clear de-

scriptions of the system's evolution over time (see, for example, Nourinejad and 

Roorda (2016)), and (ii) they are specifically recommendable in situations that are 

not balanced or that may contain complex non-linear decision rules (Zheng et al. 

2013). 

However, that being said, they also have some weaknesses, as they are associated 

with ambitious and complex time scales native to the sphere of human choices. They 

also require well-defined conditions and constraints, and have a high computational 

cost. As for the required data, a suitable traffic model is needed, along with the need 

to be familiar with the destinations of users. 

There are some agent-based models at the land use or activity level which ena-

bles the predictions of future urban travels (Bekhor et al. 2010), but the main focus 

is on a  micro-level used to simulate local decisions in terms of traffic. 

The advantages of these traffic micro-simulation models would be that new ur-

ban designs or services can be tested without committing resources to their imple-

mentation. New policies, service improvements, urban decisions, and other related 

strategies can be explored without disrupting the on-going urban traffic (He et al. 

2014; Wismans et al. 2014; Du et al. 2015). In addition, new model extensions that 

address these environmental issues, such as air quality or noise, require this type of 

high-resolution models (Wang et al. 2018). 
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However, traffic micro-simulation models are too slow to be executed several 

times in integrated models. Furthermore, it would need to allow the examination of 

a large number of scenarios that are required in some strategies or policy packages. 

Moreover, they use random numbers to create probabilistic distributions of individ-

ual events and their results are subject to stochastic variation, i.e. may vary signifi-

cantly between model runs, with different random number seeds, unless averaged 

to a level of aggregation they were designed to overcome (Wegener 2013). 

3.4 Integrated Models and New Transport Services 

As an example of these fully integrated activity- and agent-based models, Saleem 

et al. (2018) presented an agent-based traffic simulation model. Its interface is a 

dynamically discrete choice-based activity demand model and it generates full day 

activity schedules for travellers using sampling of locations. Bekhor et al. (2010) 

integrated the activity-based model of Tel Aviv with a dynamic agent-based model 

using MATSim. Parameter, simulation and sampling uncertainties for activity-

based micro-simulation models were also investigated in Petrik et al. (2018). 

Another example that stands out is the Singapore activity-based microsimulation 

model, as a part of the simulation platform called SimMobility. This multi-scale 

simulation platform is a rare example of a tool that integrates land-use, transport 

and communication interactions. It particularly focuses on the impact on transport 

networks, thereby enabling the simulation of a portfolio of technologies, policies 

and investment options under alternative future scenarios (Petrik et al. 2018). 

For these future transport services, using traditional approaches for estimating 

static discrete choice models based on the RP and SP surveys would be problematic 

(Stathopoulos et al. 2017). Ridesharing has too few RP mobility observations, while 

SP choice experiments suffer from a hypothetical bias (Fifer et al. 2014), especially 

with unfamiliar alternatives, like ridesharing or autonomous vehicles (Fagnant and 

Kockelman 2014). 

The agent-based approach captures the emergent phenomena and is particularly 

flexible in relation to the development of geospatial models (Cich et al. 2017). 

Therefore, they are an effective tool for the study of innovative urban services, such 

as car sharing or ridesharing, as agents act and react according to the information 

received in real time (for example, see Fagnant and Kockelman (2014), Cich et al. 

(2017) or Djavadian and Chow (2017)). In addition, an activity-based approach al-

lows for a more realistic analysis of the users' future mobility according to their 

preferences.  

Thus, thanks to the integration of the two approaches, agent- and activity- based 

models are highly used in the literature to describe and analyse the operations of 

free-floating car sharing (Li et al. 2018) or autonomous vehicles (Fagnant and 

Kockelman 2014). Nevertheless, major models focus on the micro-simulation of 
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supply operations and set-ups, without detailing the demand side, except for the 

necessary origin-destination matrix of trips (Agatz et al. 2011; Leurent 2017; 

Linares et al. 2017). 

4 DISCUSSION AND POSSIBLE LINES OF RESEARCH 

Conclusions drawn from this literature review include the description of the current 

state of the art urban travel demand modelling, along with new modelling applica-

tions that new data sources allow, and the obstacles to overcome based off the 

transport services and travel behaviour analysis. 

In this context, when looking into the future, it is time to consider what models 

and approaches we will need to develop for the arrival of MaaS. Discussions should 

be open in order to address how to treat more flexible trip chaining and multimo-

dality, the huge possibilities of new data, and the individual travel behaviour. 

Firstly, we have seen that activity-based models are the most recent attempt of 

travel demand modelling used to tackle behavioural inadequacy and limitations in 

policy assessment. Activity-based models and agent-based simulations seem to tie-

in well with new data sources when combined with traditional data, since both mod-

els are based on the concept of individual travel patterns rather than the aggregate 

flows.  

In recent years, some activity-based models have made it possible to model trip 

chaining, car/ride sharing and interdependencies between the mobility of household 

members (Nourinejad and Roorda 2016; Heilig et al. 2017). However, the trend 

towards disaggregation has also significantly increased the initial effort needed to 

make models more useful for practical applications. This is as  the data requirements 

and computing times of these models tend to be high (Wegener 2013). 

Hence, as envisioned by Miller (2017) a considerable need, opportunity, and 

scope exists for the development of significantly more powerful second-generation, 

fully integrated agent-based micro-simulation models that are built upon emerging 

data sets and high-performance computing. 

Regarding the treatment of the activity patterns and trips based on tours, an im-

portant part of the MaaS concept is multimodality. This is not only within each trip 

but also between various trips. The transport mode choice is intended to become 

more flexible, taking whatever suits the user at that moment, regardless of the modal 

choice in his/her previous trip.  

This will then allow the user, for example, to use a shared car for one trip of the 

day and public transport for the other one. Likewise, tours may not influence the 

modal choice. Perhaps a new type of strategic and planning model is necessary, 

especially with regards to long term forecasting, in order be able to capture this 
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flexibility, adapting the activity-based approach or turning back to some trip based 

model. 

However, what seems to be clear is that at the operational level of services and 

in terms of individual travel behaviour, agent-based models will be necessary. 

Transport experts are anticipating great changes in the transport systems, and as 

such, we should take advantage of the complexity that would be able to simulate 

these models. When attempting to understand a completely new future, as in the 

case of MaaS, it is very likely that more detailed tools are required. Besides, in urban 

areas, traffic behaviour has evolved to the extent that aggregate methods tend to 

distort travel decisions. 

Therefore, this leads to the question of whether there be a type of model that can 

measure the impact of MaaS on future travel demand and urban structure, and an-

other the operational design of the system, or will both be better integrated into a 

single large-scale agent-based simulation model. 

Secondly, there seems to be significant potentials for the use of phone trace data 

and social media data to develop models for estimating travel demand, managing 

operation, and long term planning purposes. The bias associated with this data is 

becoming less limiting, as social media users are growing, making the sample more 

representative of the population (Rashidi et al. 2017). 

The most challenging issue at the forefront of the influx of this rich new data is 

that it requires advanced text and data mining, natural language processing, and 

machine learning techniques to extract useful information related to travel patterns 

(Hasan and Ukkusuri 2014; Injadat et al. 2016). Furthermore, these advances will 

have to allow for new behavioural processes and extensions for the representation 

of new transport services, with computational algorithms implemented within a 

markedly more flexible software environment.  

Furthermore, the convergence of data science, soft computing based approaches 

and transport research methods will also be required. This would be to fully exploit 

new data sets in the construction of robust, behavioural, and policy-sensitive travel 

demand models (Chen et al. 2016; Miller 2017). In addition to new data about the 

users, models from other disciplines should be taken into account to measure the 

market perspective of these new and disruptive services (Chen et al. 2016; Ghasri 

et al. 2017). 

Finally, while there will be benefits from this new disaggregated data, one of the 

main challenges will be the forecasting frameworks for different mobility options, 

and taking into account traveller feedback and preferences. This is especially the 

case as traveller preferences and attitudes are constantly changing, and they relate 

to different mobility solutions and lifestyles. As such, the demand for different mo-

bility options is going to be quite different across different time frames. 

We must pay attention to know the user and try to model changes in attitudes 

and preferences more accurately, especially with young people. As Stathopoulos et 
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al. (2017) discussed, a new research line should develop app-based data-collection 

tools in the MaaS context, possibly designed as travel recommendation systems, to 

allow user profiling, testing incentives and tracking evolution of behaviour changes. 

Indeed, with this intent in mind, it would thus be essential, in addition to short-

term and long-term scenarios with trip-based or activity-based models, for real-time 

predictions and time-series machine learning techniques. This would help travellers 

choose an appropriate mode with also a real-time traveller feedback within these 

apps. For nearby scenarios, MaaS providers will have to define a traveller profile 

for each user and provide suitable mobility options based on their preferences.  
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