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Introduction

This report is based on the results of a systematic literature
review conducted between June 2023 and July 2024. The
report is part of “Decarbonizing transport and Mobility
through data-driven modal shift” (DeMo) project, funded
by Business Finland.

The literature review fills the research gap of
understanding different approaches to transport modelling
of a modal shift and its shortcomings. The search was
made in scientific search engines Scopus and Web of
Science, with limitations to include papers published in
English from year 2013 to 2023.

The search yielded 920 unique papers that were screened
to include 56 papers that met our screening criteria. The
selected 56 papers were grouped by modelling approaches:
aggregate, disaggregate, and mixed. Afterwards, the
papers were classified in different categories under themes
of focused demographic, built environment characteristics,
modelling methods, data types, other considerable factors,
and limitations.

This report presents a summary of findings from a
literature review, primarily focusing on the differences and
similarities of aggregate and disaggregate models. Results
of this report can be used to understand strengths and
weaknesses of modelling approaches, to make more
informed choices in modelling methodology selection in
the future, and to inspire and guide more in-depth analysis
of the topic for future studies.
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1. Search parameters

The literature search was conducted in academic search
engines Scopus and Web of Science with the goal of finding
academic papers regarding transport modelling of modal
split, share, shift, and choice. The search was limited to
include only papers published in English. Publication year
was restricted to papers published from 2013 onwards. The
search was made on the 15" of June 2023. The query
strings for the academic search engines were as following;:

Web of Science:

((((TS=(transport* model*)) AND TS=(modal AND (split
OR share OR shift OR choice) )) AND LA=(English)) AND
SU=("transport*")) AND DOP=(2013-01-01/2023-12-31)

Scopus:

( TITLE-ABS-KEY ( transport* AND model* ) AND
TITLE-ABS-KEY ( modal AND (split OR share OR shift
OR choice ) ) AND PUBYEAR > 2012 AND
SUBJTERMS ( 3313 )) AND ( LIMIT-TO ( LANGUAGE,
"English" ) )

The Web of Science search yielded 704 results, Scopus - 664
results. From the total number of 1368 papers, 448
duplicates were deleted, thus the screening started with
920 unique papers.

1.1 Screening

All of the unique papers were screened with the criteria
outlined in this section. A single screening method was
applied within the group of two researchers. Although, this
method presents its own methodological risks such as
missing papers (see e.g., Waffenschmidt et al., 2009) it was
considered suitable for this literature review.

Screening was conducted in three phases: title and
keyword screening, abstract screening, and text screening.
Below, we will present criteria used in the screening
phases:

Title and keyword screening exclusion criteria:
Papers focusing on:

* Freight and cargo transport

* Water/maritime, or air transport

* Autonomous vehicles

+ Traffic safety or accidents

* Case studies in special situations (e.g., COVID-19)
* General strategic level examinations

* Non-applicable study premise

» Congestion exclusively

* Solely theoretical findings



Abstract screening exclusion criteria:

Factors of title and keyword screening applied.
Doesn’t consider modal split or shift.

Considers land use modelling in a way that cannot be
connected to transport modelling.

Results are not clearly stated.
Focuses solely on tourist mobility.

Study was based on results of a survey which is not
applicable to transport model.

Full text screening exclusion criteria:

Factors of title and keyword, and abstract screening

applied.

Methods and function principles of the model not
clearly stated.

Findings not examined from the transport (or land-use)
perspective.

Data usage and types not explained clear enough to
examine the principles of the model.

Modal split or change factors not specified.

Limitations are not stated clearly enough.

1368 hits
-
Duplicates
448 excluded
|

Title and keyword screening
440 excluded

Abstract screening
231 excluded

Not retrieved
8 excluded

Full text screening
185 excluded

Papers in the study
56 included

AT AT T

Figure 1: Flowchart of the screening process.



2. Defining (dis)aggregation

As this report investigates differences between
characteristics of aggregate and disaggregate transport
models, it is important to define these two, and what logic
was used to categorise papers to each of them. Five of the
included fifty-six papers were categorised as mixed, as
they distinctively used both approaches. Papers classified
as mixed were excluded from the comparison.
Classification between aggregate and disaggregate papers
was made by a single researcher to make sure that the
division was made unanimously. Such approach was
necessary to maintain the same judgement towards
different levels of aggregation which varies between every
model.

In the modelling context, aggregation refers to decreasing
the complexity, while disaggregation refers to increasing
the complexity (Raadsen et al., 2020). Often, aggregation is
accomplished by combining or grouping data, or with the
usage of auxiliary models (Rogers et al., 1991). Interest to
aggregation originally had arisen from high computational
costs of models (Friesz, 1985). Another reason for
aggregation of a model can stem from the lack of detailed
microlevel data which results in errors or inaccuracies
(Daly & Ortuzar, 1990; Rogers et al, 1991). As the
computational problems have become less acute,
popularity of disaggregated models rose since the 1980s,
enabling as an example, descriptive modelling of
individuals” behaviours (Ortazar & Willumsen, 2024).

As both approaches have their own strengths, there is not
definitive answer to the “better” choice of a modelling
approach. Thus, the modeller must understand their
modelling needs and approaches’” limitations well enough
to make an educated choice of the level of aggregation. This
report aims to help with this choice through comparisons
of the approaches and their limitations.

As the level of aggregation and disaggregation varies
between models, classification is often made based on the
model’s method and data description. Aggregated models
were identified by descriptions of heavily aggregated
population and location data. Disaggregated models were
identified by descriptions of objectives towards simulation
of individuals’ behaviour. Aforementioned descriptive
characteristics were used to consider if the paper’s
modelling approach was aggregated or disaggregated.

Due to the nature of the used methodology, some studies
have been characterised as having mixed modelling
approaches. However, as the aim of the study required
distinct classification, in these situations, the reviewing
researcher had to decide between the two classifications
based on the previously mentioned factors.



3. Results

The results chapter consists of case study locations (3.1),
where the locations of case studies found in the papers are
mapped and listed, followed by comparisons of
categorisations between aggregate and disaggregate
models.

The comparison is made by using graphs that show how
many percentage of each modelling approach were
categorised in a certain category (columns), and what was
the number of papers that this percentage consisted of
(markers).

Categories marked with an asterix (*) are combined. This
means that the category in question was not used in the
original categorisation process, whereas it was created by
examining groups of categories. In other words, if a paper
would be categorised to category A and B, it will be
categorised in an arbitrary combined category AB*.

Papers with aggregate models n=20

Papers with disaggregate models n=33

Comparisons were made for:

* Focused demographic

* Focused modes of transport

* Built environment characteristics

* Used data types

* Other factors

» Data limitations

* Lack of transport factors -limitations

*  Method limitations



3.1 Case study locations
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Figure 2: The amount of case studies in different countries
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Percentage of categorised papers (%)

3.2 Focused demographic

Figure 3 presents the comparison of aggregate and
disaggregate models based on the different researched
demographic. Categorisation was made based on the
descriptions of Data and Methods in the papers.

Papers were set to category general if they did not focus on
any certain demographic. Majority of papers fell into this
category.

Category “Population Focus” was combined from specific
demographical characteristics as an opposite to the
category general. Only 9 papers were categorised in other
than general demographic classification.

As expected, disaggregated models were slightly more
likely to be associated with approaches focused on a certain

demographic due to their more detailed modelling
principles.

Nevertheless, the occurrence of categorisation to any
demographic was relatively low. Therefore, conclusions
based on the comparison between aggregate and
disaggregate models” focus on certain demographic could
be seen as non-existent or insignificant.

This can be attributed to the better availability of general
low-resolution data compared to more specific data; thus, it
leads to higher volume of research made on transport
models that are not demographic-specific.

Figure 3: Focused group of people

100
90 85,0
80
70
60
50 .
40

30
20 15,0

6
10 ..
0

General

18,2
5,0 6,1

—
Population Focus*

Adults

B Aggregate (%) Disaggregate (%)

University Students/Young

® Aggregate (Amount)

35
30
25
20
15

10

9,1 5
5,0 3

[ | ‘ 0
Workers/Adults

0,0 3,0

3

Children

0,0
=
Elders

Disaggregate (Amount) 9

Amount of categorised papers



Percentage of categorised

papers (%)

3.3 Considered modes of transport

Figure 4 presents modes of transport that the reviewed
papers considered in their research. Every mode of
transport considered in the model was categorised for the
paper in question.

Category “Active modes” is a combined category that
groups papers that considered walking, cycling, or both of
them. “Share other” category included papers considering
shared modes of transport, such as shared e-scooters, and
city bikes; it excluded car sharing which was categorised as
“Shared cars”. Category “Shared” is combined from
categories “Shared cars” and “Shared other”.

Public transport was considered in 85.7 % of reviewed
papers. This can be attributed to the availability of public
transport data, as it is often publicly owned municipal data.
Therefore, PT is an easily modelled mode of transport,
assuming all other variables are accounted for, such as the
purpose of the model itself.

Public transport, private car, and active modes have a

relatively  similar distribution of both modelling
approaches. The most significant differences can be seen
among papers that considered shared transport modes,
with a much higher share of disaggregate models. This can
be explained through the available data that shared service
providers poses; the data can include detailed information
about the trips and users. Also, it could be assumed
detailed transport modelling is probably more attractive to
the service providers who offer this data. Therefore,
cooperation with shared services providers has great
potential for insightful research directives with great level
of details.

Based on this comparison, researchers’ need to model
certain mode of transport should not be the decisive
criteria, whereas form, detail and quality of available data
about modes of transport should be considered as a more
important factor. These factors often depend more on the
data provider than the mode of transport.

Figure 4: Considered modes of transport
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3.4 Built environment characteristics

In general, built environment characteristics were more
common with aggregated transport models as they often
have to include factors about the details of the areas (e.g.,
zones) in the used location data.

Only the “Infrastructure” category was used evenly among
aggregate and disaggregate models. That can be attributed
to the need for recognising the nature of a network link in a
disaggregated transport model. Moreover, infrastructure
characteristics are crucial in defining modal split of the
network, therefore, are vital in shaping disaggregate
models.

Categories “Spatial factors”, “Density”, “Proximity to CBD
(central business district)”, and “Urban design/Livability”
are favoured more with aggregated models because they

Although, built environment factors can be easily
connected to describing zone’s characteristics, it could be
seen as an interesting phenomenon that disaggregated
models tend to oversee these factors based on this data.
Based on these findings, a worthy follow up research
questions for future studies could be that are disaggregated
transport models considering built environment
characteristics well enough in their modelling, or do they
overlook them.

Considering this, as a modeller it is important to make sure
that your disaggregated transport models consider
environmental factors so they will not suffer from the so-
called “Brasilia Syndrome” of overlooking the street level
details (Gehl, 2010). Good understanding of the origins,
source, and biases of used data is essential to prevent
oversight of environmental factors with disaggregated
approach.

Figure 5: Built environment characteristics

are deterministic in defining researched area’s
characteristics.
100
30 75,0
60 51,5 450
17 ’
40 300 303 ao
10 @ ’
20 ®
0
Built environment Infrastructure Spatial factors

factors*

B Aggregate (%) Disaggregate (%)

® Aggregate (Amount)

30,0

l. 3,0
1

Urban design/Livability

15,0

W
0

Proximity to CBD

30,0
") 12,1
4

Density

Disaggregate (Amount) 11

Amount of Categorised papers



3.5 Used data types

The most used data types for each approach were surveys
and questionnaires. These were especially common among
the disaggregated transport models, as they often used the
survey results as a foundation to model travel behaviour.

Other data type that was more common with disaggregated
transport models was GIS data. This can be attributed to
the accuracy and high detail level of GIS data. Benefit of
GIS data is its diverse set of possible included
characteristics; thus, it can contribute to many aspects of a
transport model. The low usage might be caused by the
extent and uniformity of GIS data in general.

As expected, traffic measurements were more common
with  aggregated transport models since traffic
measurements rarely focus on a singular vehicle but often
examines the movement of vehicle masses moving between
zones, or on a certain road.

Also, open data was slightly more common in aggregated
models. Open data category included openly available data
such as sociodemographics and census, which can be
acquired from entities such as municipalities, government,
or other data providing services. This type of data is often
heavily aggregated. Although, some of this open data is
very detailed, or it creates a good foundation for detailed
database, thus it was also used in third of the disaggregated
transport models.

Ticket and service usage data was used only in 15% of
transport models for each approach. That can be related to
to the scarcity and confidentiality of the data, which leads
to lower volumes of usage in transport models. Also, search
method of analysing modal split and shift focused papers
might have impacted the volume of these papers, as it is
hard to use ticketing and service usage data to research this
phenomena.

Figure 6: Used data types
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3.6 Other factors

Category “Other Factors” was made for classifications that
did not fit into previous categories. Other factors that were
considered were “Climate and Weather”, “Socioeconomic”,
“Sociodemographic”, “Willingness to Pay”, and “Car
Ownership”.

Classifications “Socioeconomic” and “Sociodemographic”
were most common in this group as they are often used to
establish information about the modelled demographic.
“Socioeconomic” leaned more towards aggregated models,
as it can often be used to categorise different masses of
people. Conversely, “Sociodemographic” was more
common within the disaggregated models as the category
consists of important coefficients for the process of creating
modelled agents.

It is good to notice that both ”Socioeconomic” and
“Sociodemographic” categories were quite common with
both modelling approaches, as it is crucial to acknowledge
differences in  different modelled demographics’
behaviours. This is expected as socioeconomic and
sociodemographic factors affect many aspects of travel
behaviour and modal choices (see e.g., Rashidi &
Mohammadian, 201.; Yang et al., 2023).

Categories “Climate and Weather”, “Willingness to Pay”,
and “Car Ownership” did not noticeably lean to either
approach. This is most likely due to their low occurrence.
Most often these categories were relevant in studies that
examined the phenomena relating to them (e.g., carsharing,
ridesourcing, congestion pricing).

Figure 7: Other factors
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3.7. Limitation categories

Classifications in the subchapters of 3.7. were made based
on the limitations identified in the examined papers. Most
of them were mentioned in the articles’ limitations section,
but some came from the reviewing researchers’ judgement.

The reason for looking more into limitations have arisen
from researcher’s need to acknowledge the fact that no
model is perfect. Both reviewing researchers were under
the opinion that the importance of noting limitations is
crucial for the scientific transparency in general.

In a paper which did not state any limitations, it could be
interpreted that the author has not understood their
model’s limitations or might report their paper in a
dishonest way. Thus, the interpretation of the model’s
output might be questionable.

Due to the nature of transport modelling, interpretation is
important, which requires good judgement from
experience and thorough understanding of the theories
underpinning models and their limitations (Ortuzar &
Willumsen, 2024). A lot of weight for interpretation
originates from the need to combine mathematical
problems with behavioural aspects from the somewhat
irrational nature of humans, and complex urban and social
fabric.

14
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3.7.1. Data limitations

The most recognised data limitation was “Lack of Detail”.
This can be explained by the fact that rarely any dataset is
all-encompassing, and it could always be more accurate,
which is connected to data availability and varying
resolution of micro level data. Relating to this,
“Uncertainty” and “Lack of Sociodemographic” were the
other most common categories.

Categories “Self-reported [data]”, “Participation Rate and
Sample Size”, and “Only Certain Time [time of the day or
short data collection time]” are prominent in survey and
survey-based models that acknowledge short comings of
surveys. However, these limitations could be seen as
surprisingly rare compared to the amount of survey and
questionnaire-based models (See Figure 6). It is hard to
declare if this is due to good data quality or limited
interpretation.

“Inconsistent Data Types” was a common category among
aggregated approach. This is due to the aggregation
process, where a lot of data can be compiled together.
Although, it can be just simply the result of scarcity of data.

Only three papers were classified with the data limitation
from “COVID Impact” as case studies conducted in special
situations, such as COVID-19 were excluded during the
screening. These three papers were included as the COVID-
19 pandemic was not their focus.

In general, data limitations were often minor, and thus did
not affect model’s credibility. On the other hand, models
with these problems would have not probably been
published, nor included in this literature review.

Figure 8: Data limitations
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3.7.2. Lack of transport factors

In this section, we examine limitations considering a lack of
certain transport related factors. Majority of papers
included in the study have recognised some lack of variable
(LOV) factors.

Lack of considered modes of transport and lack of
multimodality were almost as common between both
modelling approaches. This is probably due to the goals of
certain model that dictates what can be modelled. Model’s
goals also determine how many alternatives are needed,
and if there is lack of them. Expectedly, aggregated models
more often are limited by lack of alternatives. Evidently, it
is also important to note that the available data also directs
goals of the model.

The most common LOV factor was the “Lack of Built
Environment”. This was more prevalent with transport
models with aggregated approach. Built environment

factors are lacking in disaggregated transport models due
to the amount of detail needed in the links and nodes of the
model. Also, built environment is such a complicated entity
that it is hard to compile as a characteristic that explains
changes in travel behaviour.

Other LOV categories weren’t as common, but there were
few occurrences in many categories. These categories were
more common among disaggregated transport models. It
could be speculated that this is due to the fact the
disaggregated models are often improved through the
increase in the detail level of the data. Therefore, it can be
said that a responsible modeller would note and be
accountable for the limitations that are a result of limited
level of data detail.

Figure 9: Lack of transport factors
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3.7.3. Method limitations

Most common categories, such as “Uncertain Conclusions”,
“Identified Method Limitations”, “Lack of Focus on Certain
Variables”, and “Lack of Considered Variables” were quite
even between both modelling approaches. This can be
connected to the inability of transport models to predict
and account for complexities of human (travel) behaviour.
The uncertainties in results and conclusions can be
attributed to the common practices in academic writing
where caution is used when results are declared.

Similarly, limitations with network and timeframe can often
be connected to the desire to improve models.
Disaggregated models noted “Time Frame” limitations
more often, which can be tied to the use of the
questionnaire data, while aggregated models that use
traffic measurements data offer more longitudinal
information. “Network” limitations were evenly noted in
every fifth paper for both approaches.

Limitations with “Case Study ( scope or implementation)”
and “Indirect Indicators” (indicators that did not directly
explain results) were slightly more common among
transport models with disaggregated approach. This could
be a result of the complex nature of disaggregated transport
models. Case studies can be smaller and more detailed
with disaggregated models, which could lead to
limitations. “Indirect Indicators” on the other hand might
be easier to follow through more flexible data that the
disaggregated models produce.

“Replication” was clearly more common limitation among
the aggregated approach. A model might be created with
aspects unique to the case study or with randomised
factors, which makes it impossible to replicate in different
setting.

Figure 10: Identified method limitation factors
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4. Conclusions & discussion

Firstly, it is good to recognise that majority of case studies
examined in this literature review modelled areas in the
Global North. This is good to acknowledge in situations
where models with heavy influence from Global North are
translated to regions in the Global South.

The value of studied population composition, such as
socioeconomic and demographic factors is important, as
they are the key component to model a realistic
representative population. Without high quality data about
the population, it is impossible to build a credible model
about the population’s travel behaviour. By averaging out
the modelled “persona”, a non-negligible proportion of
population is excluded from the analysis.

The disproportionate use of a self reported data (surveys,
questionnaires, travel diaries, and stated preference (SP)
studies) might cause statistical noise in the model, as it is
often regarded that surveys’ design influence the choices of
respondents (see e.g., Carlsson et al., 2018; Richardson et
al., 1995; Welling et al., 2022). Data availability problems are
especially relevant among novel modes of transport such as
e-scooters, which are often reliant on private companies
that are not eager to share the data due to privacy concerns,
or do not have proper data sharing procedures yet. This is
good to recognise when considering what modes of
transport should be included in the transport model, and
how to gather detailed data about them. It is also good to
acknowledge who is represented in the data, and who is
excluded.

When choosing between aggregated and disaggregated
models, the report suggests that the available data, and its
detail level is the most important factor to consider.
Although, if the goal of the model insists, highly detailed
data can always be aggregated to serve the needs of
aggregated transport model. On the contrary,
disaggregated approach to transport modelling cannot be
recommended if the level of detail that the data entails is
not up to bar. There should be also caution, if a portion of
the data does not fulfil the model’s required level of detail.

In future research, closer inspection of the effect that
detailed built environment characteristics have on the
predictability of a transport mode, as land use patterns
define mobility of the area. Densification of urban areas is
happening (Broitman & Koomen, 2015), which complicates
built environment characteristics in urban areas even more.
In disaggregated transport models, where it was less
prevalent, it would be interesting to know what is the
required level of detail for a reliable model.

Also, the comparison of disaggregated and aggregated
transport models could be extended to include distinction
between varied mathematical approaches used in different
stages of transport models. Similar comparisons can be
drawn between modelling tools such as PTV Visum or
MATSim.

18



5. Limitations

We recognise that the report has its limitations, which has
been also mentioned earlier in the report. Due to the nature
of the report, limitations are focused on the chosen
methods.

Firstly, the major limitation of the report’s methodology was
the single screening, which sets the report up to certain
risks regarding missing papers, and biases in the screening.
Also, the screening was limited by search parameters,
which had the limitation to include only papers written in
English.

The categories chosen for report’s analysis were chosen
based on the themes that arose during the screening. With
different approach and goals, these categorises could have
been different, which would have had a big impact on the
report’s findings and conclusions. Thus, this affected the
direction of the report significantly and might reflect
researchers’ biases, which the researches did not notice
during the study, and thus did not report nor mention.

Similarly, division between modelling approaches
demanded some interpretation, which always might cause
minor differences, if the study is replicated with another
research group. Same interpretation related problems
might also arise with the classifications.
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