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Abstract
This paper provides an analysis of the use of computational models for predicting the effects of different policy instruments on
urban transport systems. We define a framework for describing and comparing current approaches that takes into account (i) what
policy instruments are studied, (ii) what type of effects are predicted, (iii) which factors are modeled, (iv) the type of model used,
and (v) what data sources are used. The main conclusions of the analysis are: (i) despite the recognized potential of agent-based
modeling to study behavioural change of a population, it rarely has been used for ex-ante analysis of policy instruments using
real-world data, (ii) some factors that influence travellers’ decisions, such as comfort and departure time, have not been
considered much in the modeling, (iii) ex-ante analysis of economic instruments constitute the majority of studies, but
informative instruments have been recently considered due to the increasing use of information technology in transportation.
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1. Introduction
There is a wide set of policy instruments that can be used for designing transport strategies in order to achieve
transport system objectives. Examples of such objectives are reduction of congestion, private vehicle use, emissions,
or more generally, travel demand management. Policy instruments range from more conventional instruments such
as land use regulation, vehicle regulation, infrastructure investment, and pricing schemes, to newer instruments such
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as application of information technology to improve resource allocation and service quality, as well as attitudinal
changes [1]. The policy instruments are very different in nature and have different effects on different transport
systems. Moreover, the combination of policy instruments might have a totally different effect on the transport
system compared to applying each individual instrument alone [2]. It has been argued that the development of
sustainable transport strategies often fails due to lack of integration of different policy instruments [3,4].
In order to know which policy instruments to choose in a particular situation, it is important not only to have
knowledge about availability of policy instruments, but also their potential impact on the transport system. There are
different methods to analyze the effects of policy instruments. Kremers et al. [5] have categorized methods for
transport policy analysis into two main types: qualitative ad-hoc approaches that are solely based on expert judgment
or interviews, and quantitative structured approaches, where a statistical or econometric model based on quantified
data is used. Ad-hoc approaches are typically used in situations where there is no possibility for a structured
approach due to time constraints, non-repetitive situations, or lack of data. We will here focus on structured, or
quantitative approaches that have used computational models to estimate the effects of policy instruments.
In the project KonSULT, an international knowledge base on the impact of different urban transport policy
instruments was developed [1,6]. It provides an online decision-support tool that can assist policy makers in
developing urban transport strategies. While this work has some similarities with our research, there are also
fundamental differences. We do not aim to develop a comprehensive encyclopedia of policy instruments, but rather
focus on the use of computational models for impact assessment of policy instruments.
In the present work we have analyzed the applications of computational models to estimate the effects different
policy instruments that we have found in the literature. The aim is to understand which policy instruments have been
investigated, which kinds of models have been used to estimate the effects of policy instruments, and how these
models have been applied. To do this in a systematic way, we have developed a framework for characterizing the
applications. In order to develop this framework, we have extracted the common characteristics of different
published studies in the area of ex ante analysis of urban transport policies. We have collected a set of papers
through online databases of peer-reviewed articles. We first conducted an exploratory, opportunistic literature
review in which the set of policy instruments have been studied was identified, followed by a more focused
literature search where we gathered the relevant studies investigating each of the policy instruments.
1.1. Scope
In this survey, we have focused on policy instruments that aim to change the behaviour of travellers, rather than
to change the behaviour of transport system planners. That is, we do not regard policy instruments, such as
regulative requirements on regional planning or public transport tendering. In addition, our focus is on instruments
that have direct effects on the travel behaviour. Thus, we exclude instruments such as vehicle tax, which affect longterm travel decisions e.g. concerning what type of car to buy.
Furthermore, we will not include instruments that concern infrastructure development and network expansion.
The motivation for this is that in the recent years, the focus of urban transport system planning has shifted from
building new infrastructure to more efficient use of the existing infrastructure [7]. In particular, investments on road
infrastructure are usually very expensive and time consuming, and above all, it is often impossible to find the space
needed due to the high density of cities and land-use regulations.
As mentioned earlier in this paper, we limit our search to those papers that have used computational models to
estimate the effects of policy instruments.
2. Survey framework
In this section we describe the framework that has been used to characterize the applications of computational
models to estimate the effects of policy instruments.
2.1. Policy instruments
Below we describe the policy instruments investigated in the studies we have reviewed.
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x Road user charging (RUC) is a common name for different methods to collect money from road users [8]. The
motivation for introducing RUC is often either to make the road users compensate for the costs caused by their
transports such as road wear and accidents, i.e., internalization of external costs, or to change the behaviour of the
road users to be consistent with the objectives of the transport policies, e.g. to reduce congestion [9], and/or
emission [10]. There are different approaches to implement RUC such as road link-based, cordon/area-based,
time-based, and distance-based charging. The distance-based approach computes the charges based on the
distance traveled in a specified area, while the road link approach computes the charge based on the number of
times a vehicle crosses a specific link. Cordon-based charges are calculated in a similar way as road link charges,
but in this case based on the number of times the vehicle enters an area, referred to as the cordon. In case of timebased charging, the time spent in a specified area provides the basis for calculating charges. In addition, the
specific time period in which the travel is happening can determine the level of charges.
x Road User Rewarding (RUW) is closely related to RUC, but in this case the travellers will be awarded by money
or other kinds of incentives instead of punishment. Charging and rewarding can alternatively be called as push
and pull strategies [ 11]. Rewarding is claimed to be more acceptable and effective as it makes people happier,
thus increasing the effectiveness of people. However, there are at least two disadvantages to be considered which
might affect the effectiveness of rewarding. First and foremost, charging provides revenues, which can be used to
enhance the transportation services in order to increase social welfare, whereas rewarding does not. Secondly, it
is argued that losses have more emotional impact than gains, which makes them more effective [11].
x Parking fees refer to the charges related to on-street or off-street parking of a vehicle. Parking fees either can be
sensitive to the time of the day, or not. In general, parking fees seem to be more acceptable for drivers than other
kinds of policies since they have been used for a long time [12].
x Public transport fares concern the cost that travellers need to pay in order to use public transport services. Public
transport here refers to the passenger transport services provided by a 'third party' and available for use by all
members of the community [13] including buses, metro, ferries, light rail, subways, commuter rail, and regional
or inter-urban rail [ 14].
x Fuel price comprises the actual cost of the fuel and the fuel tax determined by the government. Governments can
either pursue fuel subsidization policies or increase fuel taxes to control people’s transportation behaviour
[15,16].
x Private car restrictions correspond to the rules and regulations that the government may impose in order to
decrease attractiveness and possibility of private car usage. It can be in the form of some restrictions on the car
use such as time, zone and distance restrictions, or speed limits, as well as rules for car ownership [17,18].
x Road capacity allocation often concerns introduction of bus priority policies such as Bus Rapid Transit (BRT)
systems. BRT operates on exclusive lanes of existing roads and provides flexible and high performance service,
which is comparable to light rail transit or metro systems but to a much lower cost [19]. Compared to the
traditional busses, BRT systems reduce travel time and hence increase the attractiveness of public transport [20].
x Pre-trip planning support is an information-provisioning instrument in which the traveller can obtain useful
information before the actual travel. The purpose is to make the travellers more informed before deciding on
mode, route, and departure time, or even whether to travel or not. Examples of pre-trip information are public
transport schedules and travel time estimations. The pre-trip information can be obtained via smartphones, radio
channels, television, and online services [21]. Advanced Traveller Information Systems (ATISs) are an example
of information source for travellers that provide travellers with pre-trip, as well as real-time information [22].
x Real-time traffic information is the provision of information about the current traffic situation to the travellers,
which can be used to adapt the travel behaviour, e.g. route choice or departure time [23,24,25]. The real-time
information can be provided through en-route guidance on the road, e.g. variable message signs, or ATISs [26].
According to [27] the policy instruments fall into three main categories: Economic, Administrative, and Informative.
Using this classification, we can summarize the above-mentioned policy instruments as illustrated in Figure 1.
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Figure 1. Categorization of policy instruments in this study.

2.2. Travel behaviour effects
This aspect concerns how the policy instruments influence traveller behaviour. More specifically, it deals with how
policy instruments play a part in people’s travel-related choices. The following effects have been studied in the
articles reviewed:
x Mode choice: changes in the selection of transportation mode, e.g. bus, train, car, bicycle, etc.
x Route choice: changes in which route is taken.
x Travel time: changes to the time duration of the travel, from origin to destination.
x Departure time: changes to the time when the traveller leaves the origin and starts traveling.
x Destination choice: changes in the travellers’ choice of destination.
x Parking choice: changes to where the travellers park their cars.
2.3. Factors
This aspect is referring to the factors that are considered in modeling of travellers’ decision making. The factors we
have identified in the studied literature fall into the following categories:
x Time: covers all the time-related factors which have been included in the models such as expected travel time,
departure time, and time of the year in which travel happening (e.g. season), etc.
x Cost: all the cost-related factors fall into this category, e.g. in-vehicle cost, cordon cost, parking fee, congestion
charge, emission charge, fuel cost, tolls, public transport cost, etc.
x Socio-demographic characteristics: includes characteristics of the travellers such as age, gender, income,
education level, household structure, vehicle type, car availability, driving license ownership, public transport
pass ownership, personality characteristics (e.g. strong habits or environmental awareness), etc.
x Trip purpose: the motive for the travel such as work, education, leisure, shopping, or even mix of them.
x Comfort: includes characteristics related to the traveller’s comfort during a travel such as number of transfers,
number of stops, availability of seats, in-vehicle crowding, out of vehicle facilities, personal security, safety,
cleanness and temperature inside vehicle, etc.
2.4. Model
As was mentioned in the introduction, our focus in this paper is quantitative methods of impact assessment of policy
instruments. We have different types of models in the literature. A majority of the studies have applied different
kinds of discrete choice models such as multinomial logit model (MNL), mixed logit model (MXL), binary logit
model (BIL), nested logit model (NLM), probit model, alternative-specific discrete choice model, multiple
regression analysis, and logistic regression. Some studies have applied agent-based simulation models in which the
travellers’ interaction are taken into account, while others are based on conventional simulation methods [28]. There
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are some studies that have combined different models, such as [35] in which an integrated model of MNL and agent
based simulation have been used.
2.5. Data sources
This aspect deals with the origin of the data that is fed into the models. Data can be acquired by several ways,
including national surveys and censuses, stated preferences surveys, and revealed preferences. In a stated preference
survey, the travellers are asked to provide their preferences and choices in different situations, whereas in revealed
preference experiments, the empirical observation of travellers’ choices is considered as source of information [29].
Data from national surveys may be less valid for the particular area and situation studied.
2.6. Size of the modelled area
We have characterized the study areas according to their population as follows: Very small city (less than 100,000),
Small city (100,000–1 million), Medium-sized city (1–5 million), Large city (5–10 million), and Megacity (more
than 10 million) inhabitants.
3. Discussion
The results of the survey are summarized in Table 1. In this section, we will analyze the results in terms of the
different aspects of the survey framework, starting with the type of policy instrument studied.
It can be observed that it is the effects of economic policy instruments that have been analyzed the most in the
literature. One explanation for this finding can be the fact that the cost-related instruments have been the most
widely used in the past and they are still very common in travel demand management. Therefore, it is natural that
the policy makers wish to focus on ex-ante analysis of the economic instruments. Another reason could be that
travellers’ decisions based on cost are easier to model than those based on information availability etc. Looking into
the year of publication reveals that the economic instruments have been evenly considered in the literature from the
past till nowadays. However, the type of instrument has changed over the time and new ways of road-user charging
or public transport fare regulations have been studied. Moreover, we can see that the administrative instruments
have only recently been considered. Another interesting observation is that the informative instruments have been
mostly investigated in the period of 2001-2002 and then after 2011. The introduction of new information systems
and the growing trend towards application of new ITS services in the beginning of 2000 may account for this result.
We observe that changes in mode choice and route choice are the most commonly studied effects of policy
instruments on people’s travel behaviour. Also change in departure time has been studied rather frequently, but
slightly less than route choice. We note that the changes in travel time are seldom regarded, as well as changes in
where to travel and park.
Concerning the factors considered in modeling, socio-demographic characteristics, travel time and cost are the
most frequently considered, whereas factors such as trip purpose, time of the year, departure time and comfort are
seldom considered. In particular, we found that in almost all cases some socio-demographic characteristics of the
study population have been considered. Among socio-demographic characteristics, age, gender, income, work
schedule flexibility and car availability are the most used factors, while vehicle type and residential location are the
least used. Although it has been argued that comfort and convenience of travellers during a journey can have
significant effects on travellers’ choices (especially mode choice) [30], they are typically not considered. This may
be due to the difficulty of gathering data about comfort and travellers attitudes because these factors have subjective
constructs [31].
The majority of studies have used some kind of discrete choice model, in particular logit models have been the
most frequently used. We notice that the use of agent-based simulation models has increased in recent years. Due to
high computational power requirement of these kinds of models and difficulty of collecting disaggregated data,
these models have been considered difficult to implement and therefore were not very commonly used in the past.
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However, the conventional discrete choice models have been criticized for neglecting the interaction effects and
oversimplification which can introduce significant biases in output [43].
The data required for the models is mainly acquired through stated preferences surveys, whereas revealed
preferences surveys were used only in two cases. There are also some studies that have used artificial data. It can be
seen from the table that all the studies that have used artificial data, use agent-based simulation for impact analysis.
It can be due to the fact that agent-based simulation method requires a lot of detailed data about the network and
population that might not be easy to acquire.
Medium-sized cities (1-5 million inhabitants) are dominant in the studied models, just as many as large and mega
cities taken together, whereas cities smaller than 1 million have been less studied.
4. Conclusions and future work
Based on the review, we conclude that mathematical-based and discrete choice models have been considered as the
main method for ex-ante analysis of policy instruments for many years. However, due to oversimplification of
discrete choice models in considering interaction effects, the results from these models are often inaccurate
especially in real-world problems where the interactions of policies/people are high [43]. Therefore, we argue that
there is a need to develop agent-based models that use real-world data. In particular, such models may be useful for
smaller cities, which to date often have not been the target for policy instrument studies although they often have
major traffic problems. Moreover, there are some policy instruments used in reality that to the best of our knowledge
have not been studied using computational models for ex-ante analysis, e.g. travel awareness campaigns, and ITSbased travel ticketing systems. We think that it is worth investigating whether also these instruments could be
analyzed using computational models.
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