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Abstract

Method: This paper endeavors to introduce a new approach to modal split estimation. In the frame of the
research, a customized model of the recently created Best-Worst Method (BWM) is applied to evaluate mode
choice alternatives by transport experts. The integrated BWM model is tested on a real-world case study in
Budapest, the capital of Hungary, where a small number of selected experts estimate the modal split of three
different groups clustered based on the distance of their commuting.

Results: The results clearly demonstrate the popularity of public transport among all groups, while car is estimated
to be used primarily by short- and mid-distance commuters. The coherence of the responses is tested along with
sensitivity analysis and rank correlation comparison. Moreover, the final results are compared to the official modal
split data of the city.

Recommendations: Based on the findings, it can be concluded that the application of BWM results in competitive
accuracy compared to the mainstream methodologies, moreover BWM needs significantly less cost and time effort
during the survey procedure.
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1 Introduction
While operating, and developing urban transport sys-
tems, transport planners pay increased attention to the
behavior of commuters. Travels going from home to
their workplace give a major part of the total urban
travel. Commuting mode choice plays a significant role
and makes a long-term impact on traffic, emissions, and
delays [36]. As commuting is a dominant part of the
total travel distance in urban areas, it is worth analyzing
the selection of mobility type and the alternatives [25].
The majority of scientific papers approach commuting

modal split indirectly through its attributes. In a general
mode choice model, first the features of the selection of
transport mode are determined, which is followed by the
respective weights of these features in the decision, and
finally, based on the gained results, the predicted choice
of alternative is presented. Consequently, the

identification of the attributes and their significance in
mode choice decisions has been in the focus of re-
searchers for decades, and different models and ap-
proaches have emerged to understand travelers’
attitudes. Tyrinopoulos and Antoniou [41] find that
commuters prefer car for their trips. Among many influ-
encers, the variable ‘available parking space’ has the
highest weight, which is followed by the negatively con-
nected ‘crowd on public vehicles’, while the high fare
levels or the lack of transport information surprisingly
do not discourage citizens from using public transport.
De Jong and Van de Riet [6] emphasize the importance
of household income as a key features in mode choice:
higher income motivates families to use private modes
for mobility, especially private car. In a more recent re-
search, Ko et al. [18] confirm the high car-dependency
of high-income commuters, but highlight spatial hetero-
geneity as a significant attribute of commute mode
choice along with the previous findings of Meurs and
Haaijers [28] and Clifford et al. [5].
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The novelty of the present research is the creation and
thorough analysis of a Best-Worst Method (BWM)
model for mode choice and modal split estimation, con-
sidering the problem as a Multi-Criteria Decision-
Making (MCDM), where the possible modes are the al-
ternatives. In contrast to other methodologies in
decision-making, a direct approach is applied in this
study. The procedure and analysis are not split into a
feature determination section and an alternative evalu-
ation section, which results in a more parsimonious sur-
vey with short evaluation time and less effort required of
the respondents.
Except for reducing time and cost, within the circle of

MCDM models, the direct evaluations have the advan-
tage of avoiding the double risk of bias in the evaluations
because in the indirect models, both the scoring of attri-
butes and the scoring of alternatives can be biased. As
an example, in case of an Analytic Hierarchy Process
(AHP) model [29], the evaluation of the criteria’s weights
can be vague as well as the evaluation of the criteria
makes an impact on the alternatives. In the BWM model
the respondents only need to estimate the modal split
proportion of travel modes; thus, the risk of bias can be
reduced to one phase.
In this paper, the objective is to test whether the

BWM provides applicable results in an expert survey to
determine the modal split for commuting. It has to be
mentioned that the proposed direct BWM model is not
free from bias, but the risk is reduced by the direct
evaluation of the alternatives. This paper differs from
previous studies in the following major points:

� The respondents of the questionnaire are transport
experts who are commuters themselves, thus they
can evaluate the alternatives with high efficiency.

� The commuting modal split is examined as the
evaluation of alternative comparisons, thus it can be
considered as a synthesis of expert opinions.

� In comparison with existing models, the approach of
this study requires far less efforts to result in an
accurate estimation of the modal split.

The paper is organized as follows. After the introduc-
tion, Section 2 presents a review of several scientific pa-
pers on commuting mode choice and on the major
models applied for analyzing and predicting these types
of decisions. In Section 3, the fundamentals of the ap-
plied BWM methodology are introduced to justify its se-
lection from the wide range of MCDM techniques.
Section 4 introduces the case study of an expert survey
for which the created model is applied. Moreover, a
comparison of the gained results with the outcomes of a
large-scale mobility survey conducted in the same city is
provided. While in Section 5, conclusions are drawn,

and suggestions are made for the general usage of BWM
in modal split estimation.

2 Review on commuting mode choice
Kotoula et al. [19] try to understand the mode choice
decision process and reveal the most appropriate inter-
ventions for achieving sustainable transport goals. The
scholars’ results verify that distance and time are the
most important factors, and the most used transport
mode is car and public transport. The same result is
provided by Lakatos and Mándoki [20]. They evaluate
the long-distance parameters of different transportation
modes. The research of Lovejoy and Handy [23] clearly
demonstrates that campuses are major trip attractors
and have a large commuter population. Regarding a spe-
cific group of university student commuters, Rodríguez
and Joo [35] find that in the case of North Carolina Uni-
versity, car (49.6%) is mostly prioritized, which is
followed by bus (17.8%), walking (17.2%), and bicycle
(11.6%). Likewise, Zhou [46] reaches to the conclusion
that the students at the University of California use
mostly car (41.2%), the public transport mode gains
30.9%, while bicycle and walking obtain 24.8%. There are
other remarkable studies on university students’ mode
choice (e.g., [10, 16, 44]) demonstrating the significance
and uniqueness of this commuting type. Furthermore,
the commuting of other groups is also worth studying.
Shannon et al. [37] investigate the mode choice of uni-
versity staff at the University of Western Australia. The
researchers conclude that in Zone 1 (less than 1 km),
staff members tend to use private cars more and less
walking and bicycle than students; in Zone 2 (1–8 km),
public transport is less used by the employees than the
youth; similarly, in Zone 3 (more than 8 km), public
transport is underrepresented, while private car is over-
represented by the staff. Most of these models involve a
large number of evaluators, and usually, the survey
process takes for a rather long time even several months.
The aim of this paper is similar to the listed papers, i.e.,
to determine the modal split of commuting depending
on the distance and to introduce a new methodological
approach for investigating the modal share estimation
problem.
Basically, there are two large groups of methodological

techniques applied to investigate mode choice in the sci-
entific literature. Discrete Choice Modelling (DCM) is a
general approach which aims to analyze the behavior of
a decision-maker [40] when facing the problem of
choosing from various travel alternatives with the as-
sumption that all individuals strive to maximize their
utility [21]. Specifically for commuting mode choice, the
fundamental aspect of the model is that decision-makers
consider travel time and travel cost minimization as the
key features of the choice [30].
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A serious limitation of DCM models is that for an ap-
propriate analysis, they require a large amount of data.
Generally, more than 1000 observations are necessary
for a trustworthy outcome of the models in case of not
only the simulated data [14] but the conducted surveys,
too [3, 39]. De Vos et al. [7] claim that it is an evolution
in transportation science to move from the purely utility
based models to the integration of more subjective attri-
butes (e.g., habits and attitudes). Furthermore, Van
Acker et al. [42] agree that lifestyle and personal aspects
seem to predict travel mode choice better than those
discrete choice models that apply merely objective
variables.
Within the circle of DCM techniques, the Stated Pref-

erence (SP) type of surveys emerges to integrate trav-
elers’ attitude into the modeling [26] and is applied for
mode choice, as well [45]. Although DCM with SP pro-
vides a more advanced methodology, it cannot deal with
the inconsistency of the participants’ responses. This in-
consistency means a serious bias in preference surveys
and is to be reduced by appropriate techniques [13].
The other group of methodologies applied for modal

split estimation is the MCDM based models. The con-
cept of the MCDM approach is that choosing a certain
transport mode is a decision, which has different criteria
(e.g., time, cost, comfort) and alternatives (i.e., private
car, public transport, bicycle, walking) [11]. The
decision-maker considers these criteria with assigning
different weights and evaluates the alternatives by con-
cerning the attributes; the decision is made based on the
scores of the alternatives [15, 24]. These models are cap-
able of handling the inconsistency of responses; however,
these are rather time- and effort-consuming [2]. Consid-
ering all boundaries, in the past few years, the MCDM
models gained popularity in transport problem evalua-
tions and analysis [24, 27, 31].
A common characteristic of DCM and MCDM models

is that in both cases, questionnaire-based surveys, in
which participants respond to directed questions, are ap-
plied. The limited information on the available transport
modes (for DCM) and the lack of motivation and en-
thusiasm in responding (for MCDM) can be consid-
ered as a serious bias. Consequently, in current
research, experts participate in the survey process.
The created model is primarily based on the recently
emerged BWM approach [32, 33]. In comparison with
other MCDM techniques, BWM is proven to require
less pairwise comparisons (especially in contrast to
Analytic Hierarchy Process and Analytic Network
Process) and to lead to more consistent answers when
ranking alternatives. Because of the merits of the ap-
proach, BWM is applied in different study areas, e.g.,
in the creation of tourism development strategy [1],
in investment evaluation [4], in making logistics

performance index [34], or in the ranking of airports
[38]. However, BWM has not been applied for mode
choice analysis so far; thus, the selection of the alter-
natives and evaluators, moreover the consistency
check of the gained results are cautiously conducted
following the latest results of BWM [22].

3 Research method
The developed method, like many other MCDM tech-
niques, consists of the pairwise comparisons of decision
elements. The main difference is that not all compari-
sons are completed, only the pairs with the selected best
and worst criteria or alternatives are evaluated. The first
step is the definition of the existing criteria or alterna-
tives in the decision problem. It is followed by the iden-
tification of the best and worst criteria or alternatives by
the evaluators. Afterward, the pairwise comparisons are
applied between the best criterion and other criteria,
then between the worst criterion and other criteria. Fi-
nally, the weights of all criteria are calculated provided
the consistency ratio is acceptable for the pairwise
comparisons.
As Fig. 1 shows, the model works with fixed criteria or al-

ternatives determined by the experts at the beginning of
the process. Since the second step is to define the best and
worst alternatives, the third and fourth evaluation steps are
somewhat consistent, but the consistency ratio is higher
than other MCDM approaches, especially compared to
Analytic Hierarchy Process. However, the fixed position of
the best and worst alternatives does not provide the perfect
consistency of the evaluations, so a consistency measure is
highly recommended in the fifth step.
The general model is customized to the problem of

the modal split estimation of commuting, where the
word “preference”, which is from the original description
of BWM, does not describe the choice of the respond-
ent, it rather expresses a professional expert estimation

Fig. 1 The main steps of the BWM method to derive the weights of
the criteria or alternatives
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representing the attitude of a certain group. In the
present research, no criteria are applied, only the alter-
natives (i.e., the transport modes themselves) are evalu-
ated since the study relies on experts’ considerations and
does not strive to influence their judgements by criteria
selection. To provide an overview, the following steps
are defined:

– Step 1: Defining the criteria (i.e., decision factors) or
alternatives.

– Step 2: Defining the best and worst criteria or
alternatives.

– Step 3: Determining the preference of the best
criterion over all the other criteria

In this step, the pairwise comparisons between the
best criterion or alternative and other criteria or alterna-
tives are evaluated by using (1–9) scale, where 1 stands
for “equal importance”, and 9 means “extremely more
important”. The result of this step is represented by the
following vector: AB = (aB1, aB2,…, aBn ), where aBj is the
preference of criterion B (i.e., the most important or the
best) over criterion j, where aBB = 1, and j = (1, 2, …, n)
denotes the number of the criteria (alternatives) in total
n.

– Step 4: Determining the preference of the worst
criterion over all other criteria

In this step, the pairwise comparisons between the
worst criterion or alternative and other criteria or al-
ternatives are evaluated by using (1–9) scale, where 1
stands for “equal importance”, and 9 means “ex-
tremely more important”. The result of this step is
represented by the following vector: AW = (a1W, a2W,
…, anW), where ajW is the preference of criterion W
(i.e., the less important or the worst) over the criter-
ion j, where aWW = 1, and j = (1, 2, …,n) denotes the
number of the criteria in total n.

– Step 5: Calculating consistency and the final weights
of criteria or the scores of alternatives

In this step, the final optimal weights (w�
1;w

�
2;…;w�

n )
of the attributes or alternatives are calculated by com-
puting the following model (note that the original BWM
is a non-linear model, but here, the linear BWM is pre-
sented and applied based on Rezaei [33]):

min max j wB−aBjw j

�
�

�
�; wj−ajWwW

�
�

�
�

� � ð1Þ

s.t.

X

j

w j ¼ 1

wj≥0; for all j

After that, the solution can be obtained by solving the
linear programming (LP) formula.

minξ l

s.t.

wB−aBjwj

�
�

�
�≤ξ l; forall j

w j−ajwww

�
�

�
�≤ξ l; forall j

Xn

j
w j ¼ 1;wj≥0; for all j

ð2Þ

For the consistency measure, the most advanced form,
which provides direct feedback for the entries of the
evaluations, is the input-based consistency (CRI), which
is defined as the following [32]:

CRI ¼ max jCR
I
j ð3Þ

where

CRI
j ¼

aBj � ajW−aBW
�
�

�
�

aBW � aBW−aBW
aBW > 1

0 aBW ¼ 1

8

<

:

CRI is the global input-based consistency ratio for all
alternatives, while CRI

j represents the local consistency

level associated with alternative CRj.
CRI is acceptable in BWM methodology, in case its

value is lower than the threshold of the respective input-
based consistency determined by the number of the al-
ternatives and the extent of the evaluation scale. The
consistency thresholds can be obtained for combina-
tions, which range from 3 to 9 alternatives with max-
imum evaluation grades from 3 to 9 based on the input-
based consistency measurement (Table 1) [22].

Table 1 The threshold for different combinations of scaling and
the number of alternatives employing the input-based
consistency measurement

Scale Alternative

3 4 5 6 7 8 9

3 0.1667 0.1667 0.1667 0.1667 0.1667 0.1667 0.1667

4 0.1121 0.1529 0.1898 0.2206 0.2577 0.2577 0.2683

5 0.1354 0.1994 0.2306 0.2546 0.2716 0.2844 0.2960

6 0.1330 0.1990 0.2643 0.3044 0.3144 0.3221 0.3262

7 0.1294 0.2457 0.2819 0.3029 0.3144 0.3251 0.3403

8 0.1309 0.2521 0.3154 0.3108 0.3408 0.3620 0.3657

9 0.1359 0.2681 0.3337 0.3517 0.3517 0.3620 0.3662
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This ratio can be calculated for individual evaluators,
prior to the aggregation of the scores within a certain
evaluator group by computing the geometric mean of
the individual ratings.
To analyze the inner consistency of the responses of dif-

ferent groups, the Kendall rank correlation method [17] is
selected. This method estimates the similarity degree for
different rankings by taking the average squared difference
of the alternatives’ positions. Kendall’s coefficient of con-
cordance (K) has a range between 0 and 1, and it can be
adopted by applying the following equation:

K ¼ 12 S
m2 n3−nð Þ ð4Þ

where S is a sum-of-squares statistic deviations over the
row sums of ranking Ai, and it can be obtained from the
following equations:

S ¼
Xn

i¼1
Ai−Að Þ2 ð5Þ

Ai ¼
Xm

j¼1
rij ð6Þ

where A is the mean of the Ai values, Ai is the aggre-
gated ranking of the alternative i, rij is the rank given to
alternative i by the evaluator group j, m is the number of
rater groups rating n alternatives.

R ¼ m nþ 1ð Þ
2

ð7Þ

4 Results
4.1 The framework of the case study
The created BWM model is tested in a case study aim-
ing to estimate commuter modal split. MOVECIT pro-
ject aims to support sustainable decisions of employees
concerning commuting to workplace. This paper pre-
sents one of the evaluation steps of the project, more
specifically, the evaluation of expert questionnaires. In-
formation to estimate commuting is gathered by a ques-
tionnaire, which was distributed between 2016 and 2019
among transportation experts, who are employees of an
examined university in Budapest as well as teach and
conduct research on urban mobility. Thus, 56 faculty
members are invited to participate in the evaluation
process. The transport experts have to evaluate modal
split, travel behavior, and various aspects of mode
choice. The participants are clustered into three groups
based on their commuting distance assuming that the
experts can estimate the modal split for their own com-
muting group. There are 26 short-, 21 mid-, and 9 long-
distance commuters in the sample.
Usually, in a mode choice model, several mobility types

are compared. In the work of De Luca and Di Pace [8], car,
car-pooling, and bus are considered, while De Vos et al. [9]

examine car, public transport, walking, and bicycle. Wang
and Hu [43] focus on such modes as car, public transport,
and teleworking. As a combination of the above mentioned
options, in the survey of this research, six mobility types are
considered (i.e., Public Transport, Car, Car-Pooling, Walk-
ing, Bicycle, and Home Office). Based on the selected com-
muting alternatives and according to the BWM logic, the
following questionnaire is applied:

� “From how far do you commute to work?”
� “Select the highest and lowest estimated modal

shares of mobility types for commuting!”
� “Evaluate the other types with respect to the highest

modal share by using (1-9) scale!”
� “Evaluate the other types with respect to the lowest

modal share type by using (1-9) scale!”

4.2 An example of evaluation with BWM method
Examples of evaluators’ estimations regarding the modal
shares of mobility types are presented.
Table 2 demonstrates an example scoring of a re-

spondent related to the highest estimated modal share of
a mobility type, which in this case is public transport.
The lower number indicates the closeness of the alterna-
tive to the best one (i.e., the highest estimated modal
share in this case). The evaluator indicates home office
as a slightly less attractive choice than public transport
and car-pooling as the least attractive option to com-
mute to work. The higher score represents the larger
gap between the alternative mode and the highest esti-
mated modal share mode.
Table 3 demonstrates a respondent’s scoring related to

the lowest estimated modal share of a mobility type,
which in this case, is car-pooling. It receives the lowest
rank, and due to the BWM procedure, all alternatives
have to be compared to the least preferred option (i.e.,
the lowest estimated modal share in this case). The high
score of public transport shows that the largest gap is
between this mode and the lowest estimated mode. The
evaluator expresses a relatively high estimation to car
usage, while bicycle gains slightly more points than the
lowest estimated mobility type.
The detailed calculation of mobility type alternative’s

scores for this example is demonstrated as w = {w1,w2,w3,
w4,w5,w6} computed by applying the BWM LP (see Eq. 1):

minξ�

w1−1w1≤ξ
�;w1−3w2≤ξ

�;w1−9w3≤ξ
�;w1−4w4≤ξ

�;
w1−6w5≤ξ

�;w1−2w6≤ξ
�;w3−7w2≤ξ

�;w3−5w4≤ξ
�;

w3−3w5≤ξ
�;w3−5w6≤ξ

�w1 þ w2 þ w3 þ w4 þ w5

þw6 ¼ 1w1≥0;w2≥0;w3≥0;w4≥0;w5≥0;w6≥0:

The weight scores for this specific evaluation are the
following normalized values:
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w ¼ 0:3844; 0:1551; 0:0337; 0:1163; 0:0775; 0:2327f g:

4.3 The evaluation of the case study with the BWM
method
In the real-world case study, 56 experts are involved as
the total sample. This sample is divided into three
groups based on the commuting distance from home to
the campus.

� short-distance commuters from 1 to 10 km with 26
evaluators,

� mid-distance commuters from 10 to 40 km with 21
evaluators,

� long-distance commuters from over 40 km with 9
evaluators.

Being experts, the respondents do not indicate their
personal experience based estimation, but they are
asked to represent a general commuter attitude, thus
estimating the mode share from a distance. As a re-
sult, based on their professional experience and their
own daily travel practice, the experts have to make
the scoring during the survey and ultimately provide
a modal split estimation. This is calculated based on
the responses by using a 1 to 10 scale and an arith-
metic mean for both the highest and the lowest
modal share cases. After computing the scores of the
mobility alternatives for each evaluator and calculat-
ing the consistency, the scores for each group are ag-
gregated by utilizing the geometric mean. Based on
the aggregated answers for all three groups separately
and for the total sample, the following results can be
presented:

� The mobility type with the highest modal share is
public transport followed by car.

� The mobility type with the lowest modal share is
car-pooling followed by bicycle.

The consistency ratio is acceptable for all responses
with a value between 0 and 1 in all cases.

4.4 The result of commuters with short travel distance
In this group, there are 26 evaluators who are short-
distance commuters (i.e., Group 1). After the aggrega-
tion of the responses, the results are the followings:

� The mobility type with the highest modal share is
public transport followed by car.

� The mobility type with the lowest modal share is
car-pooling followed by bicycle.

Figure 2 demonstrates the normalized scoring BWM
result of each transport mode gained by the pairwise
comparisons of the respondents from short-distance
commuters (i.e., Group 1).
In case of short distance commuting, the highest modal

share estimation is for public transport probably due to its
relative cheapness and availability. Interestingly, bicycle be-
comes underrepresented in the estimation, but it offers great
potential for promoting this transport mode for short-
distance commuters. Walking is relatively highly estimated,
which might be due to its beneficial health and emission ef-
fect. Car-pooling is not highly estimated by this respondent
sample and do not gain much attention from the evaluators.

4.5 The result of commuters with mid travel distance
In this group, 21 evaluators, who are mid-distance com-
muters (i.e., Group 2), are involved. After the aggrega-
tion of the responses, the results are the followings:

� The mobility type with the largest modal share is
public transport followed by car.

� The mobility type with the smallest modal share is
car-pooling.

Figure 3 demonstrates the normalized scoring BWM
result of each transport mode gained by the pairwise
comparisons of the respondents from mid-distance com-
muters (i.e., Group 2).
In this group, public transport is the most estimated

choice, which can be well justified based on its low cost and
relatively low travel time on average. Bicycle receives a higher
estimation than in case of short-distance commuters. Car-
pooling is very low estimated by the respondents commuting

Table 2 Example of evaluating all mobility types compared to the highest share mobility type

Mobility type Public Transport
(w1)

Car
(w2)

Car-Pooling
(w3)

Walking
(w4)

Bicycle
(w5)

Home Office
(w6)

Evaluation 1 3 9 4 6 2

Table 3 Example of evaluating all mobility types compared to the lowest share mobility type

Mobility type Public Transport
(w1)

Car
(w2)

Car-Pooling
(w3)

Walking
(w4)

Bicycle (w5) Home Office
(w6)

Evaluation 9 7 1 5 3 5
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from longer distance. All in all, a slight difference can be de-
tected compared to the results of Group 1.

4.6 The result of commuters with long travel distance
This group includes 9 evaluators, who are long-distance
commuters (i.e., Group 3). After the aggregation of the
responses, the results are the followings:

� The mobility type with the highest modal share is
public transport.

� The mobility type with the lowest modal share is
car-pooling followed by bicycle.

Figure 4 demonstrates the normalized scoring BWM
result of each transport mode gained by the pairwise
comparisons of the respondents from long-distance
commuters (i.e., Group 3).
The results are similar to the previous cases except for

the role of home office. It is visible that in case of longer
distance, the evaluators consider the home office solu-
tion much better. Interestingly, public transport remains
the most significant estimation even if the distance is
raised. The results clearly show the awareness of the
evaluators regarding the environment and sustainability.

4.7 Final scores and ranks for all groups
By applying the BMW method, not only the estimated
ranking of transport mode alternatives can be obtained,
but a quantified list of experts’ estimation for mobility
types, as well. Table 4 presents the weights for the com-
muting alternatives per group and for the whole sample.

Note that for commuting from larger distances, the
mode of walking is not offered due to its unrealistic situ-
ation. Consequently, for Group 2 and Group 3, five al-
ternatives are provided.
Figure 5 shows the graphical comparison of the scor-

ing results of the estimated modal split for the three
commuting groups. These are the numbers derived from
the BWM pairwise comparisons; consequently, the
higher column demonstrates the higher modal split ex-
pectation toward the mobility type. It is visible that the
scores are correlated, and it might be worth to examine
the degree of similarity in mode choice ranking among
short-, mid-, and long-distance commuters.
For this purpose, the Kendall rank correlation method,

which calculates a similarity score for different rankings
by taking the average squared difference of the alterna-
tives’ positions based on the number of evaluator groups
and the number of the decision alternatives, is selected.
Note that for Group 2 and Group 3, the walking mode
is positioned to the 6th place to be capable of conduct-
ing the concordance analysis.
In Table 5, the final ranking of the mobility types with

the number of alternatives (n = 6) and the number of
groups (m = 3) are presented. By applying Eq. 4, the
Kendall concordance degree (K = 0.746) is obtained,
which indicates a strong agreement among the different
evaluator groups. This remark can be made since the
value of 1 would mean 100% similarity, and all values
above 0.5 can be considered as high concordance; thus,
0.746 represents a good result.

Fig. 2 The normalized scoring BWM result of the mobility types for
Group 1

Fig. 3 The normalized scoring BWM result of the mobility types for
Group 2

Fig. 4 The normalized scoring BWM result of the mobility types for
Group 3

Table 4 The normalized scoring BWM results of the mobility
types

Mobility type Group 1 Group 2 Group 3 All groups

Public Transport 0.4860 0.4600 0.5141 0.4863

Car 0.1990 0.2918 0.2074 0.2291

Car-Pooling 0.0418 0.0481 0.0451 0.0449

Walking 0.0993 – – 0.0993

Bicycle 0.0745 0.1167 0.0778 0.0878

Home Office 0.0993 0.0833 0.1556 0.1088
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Table 5 clearly demonstrates the dominance of public
transport in commuting for all groups. Car-pooling is
the least scored option for the largest travel distance,
where it could be especially well utilized. While car is
mostly expected for all commuters regardless the dis-
tance. Working from home gets middle-level scores
from all groups of experts. Bicycle might be a popular
mode among commuters traveling 10 to 40 km, but
there is room for improvement, and primarily short-
distance commuters can be motivated to use bicycle
more often.
Based on the results, some suggestions how to motiv-

ate commuters to utilize more sustainable transport
modes can be concluded for transport planners. Al-
though the correlation among the three types of com-
muting is rather strong, some distinctions can be made
in a campaign for sustainable commuting. The innova-
tive idea of car-pooling can possibly be popular among
short- and mid-distance commuters. University com-
muters tend to use bike from middle distance. Thus, a
focused campaign on bicycle usage might be effective for
this group of employees.
In case the public transport is not available, as a second

option, walking, bicycle, or home office might be recom-
mended for staff commuters in short- and mid-distance.
On the other hand, for long-distance commuters none of
the other alternatives might substitute the public transport

service effectively. The higher utilization of public trans-
port might be attractive especially for employees living in
mid-range distance, so a focused campaign should target
them as potential new users of the mode.

4.8 Input-based consistency
The consistency (CRI) for various individuals in all
groups is computed by using the model and Eq. 3.
The global consistency for each comparison in Group

1 based on the input-based consistency is accepted since
each comparison is all below the threshold of 0.3517,
which refers to the 6 alternatives and 9 scale combina-
tions (Table 1). The global consistency for each com-
parison in Group 2 based on the input-based
consistency is accepted sinceeach comparison is are all
below the threshold of 0.3337, which refers to 5 alterna-
tives and 9 scale combinations (Table 1). The global
consistency for each comparison in Group 3 based on
the input-based consistency is accepted since each com-
parison is all below the threshold of 0.3337, which refers
to 5 alternatives and 9 scale combinations (Table 1).
To illustrate the input-based consistency measure-

ment, an example, which is introduced in subsection
“4.2. Example evaluation with BWM method”, is pre-
sented (Table 6). In this case, the mobility type with the
highest estimated modal share is public transport and
the lowest estimation belongs to car-pooling. The pair-
wise comparison vectors of ABO and AOW are presented
in the second and third rows. By using the input-based
consistency measurement as in Eq. 3, the CRI

j values are

represented in the fourth row of Table 6.
From Table 6, by using Eq. 3, the global CRI = 0.167

can be found, and it is acceptable since the value is
below the threshold of 0.3517, which refers to 6 alterna-
tives and 9 scale combinations (Table 1).

5 Discussion
A comparison with real-world observed data can provide
an appropriate validation of the proposed methodology
and the survey process. The official data on the modal
split of the examined city are presented by EPOMM
[12]. The European Platform on Mobility Management

Fig. 5 The estimated modal split of the mobility types for all groups
in percentage (%)

Table 5 The final ranking of mobility types and concordance degree among the evaluators

Mobility type Rank of Group 1 Rank of Group 2 Rank of Group 3 Ai (A − Ai) ^ 2

Public Transport 1 1 1 3 56.25

Car 2 2 2 6 20.25

Car-Pooling 5 5 5 15 20.25

Walking 3 6 6 15 20.25

Bicycle 4 3 4 11 0.25

Home Office 3 4 3 10 0.25
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(EPOMM) prepares a modal split in every 10 years. In
Budapest, the latest large-scale mobility survey was con-
ducted in 2014, and the following proportions of trans-
port modes were determined (Fig. 6).
Although the data refer to the total modal split rather

than specifically to commuting (however, the dominant
part of the total travelers in Budapest are commuters),
the similarities between the large-scale mobility survey
and the cheap and short-time survey of this research are
definitely visible. More interestingly, not only the rank-
ing (i.e., in case of short-distance commuting, the pos-
ition of public transport, car, walking, and bicycle is
exactly the same), but the weights, especially in case of
the most popular modes (i.e., public transport and car)
are also similar. In the model of this study, public trans-
port results in the 46–51% of the total modal split, while
in the EPOMM survey, it is 45%. Moreover, car receives
20–29% in the results of this research and 35% in the
EPOMM survey.
Due to the appearance of very similar modal share re-

sults, the risk of coincidence can be considered low in
the results of the case study and the large-scale mobility
survey. It means that in terms of comparison, both the
ranking of the mobility types and the estimated modal
shares are very similar for the case study and for the
large-scale mobility survey, which justifies the elaborated
method.
After gaining the BWM results, a sensitivity analysis is

performed for all groups with the aim of checking the
robustness of the framework and of eliminating any

possible biases. For Group 1, the score of the public
transport alternative is decreased gradually from 0.486
to 0.3. This could be considered as a significant modifi-
cation in any MCDM techniques, just as in BWM, in the
case of six alternatives. Certainly, the scores of the other
alternatives are adjusted to keep the value of 1 for the
total sum of the weight scores. Thus, the scores of the
other alternatives are changed accordingly.
As a result, Table 7 shows stability in the ranking,

which indicates the robustness of the framework. Even
though the change of the first-ranked mobility type is
significant, the ranking of commuting types remains un-
changed for all six types. The same steps with the same
threshold value of 0.3 for public transport are conducted
to check the robustness for Group 2 and Group 3. It
could be concluded that the analysis is free from any
biases and the results are robust, as presented in Tables
8 and 9.
The successful application of the BWM technique for

a commuting modal split estimation is verified by vari-
ous measurable aspects.
First, the calculated input-based consistencies for all

comparisons in all three groups are strongly acceptable,
which indicates the reliability of the experts’ responses
and the validity of the applied BWM model.
Second, the conducted Kendall rank correlation sup-

ports the assumption that the difference among the
modal estimation of various commuting groups (based
on the commuting distance) might not be significant;
thus, a strong correlation among the groups may be
expected.
Third, the sensitivity analysis proves that the ranking

of all groups is stable, even with a relatively large modifi-
cation on the weight of the highest scored mobility type

Table 6 The evaluations and input-based consistency ratio of each mobility type

Mobility type Public Transport
(w1)

Car
(w2)

Car-Pooling
(w3)

Walking
(w4)

Bicycle
(w5)

Home Office
(w6)

Mobility type with highest modal share evaluation 1 3 9 4 6 2

Mobility type with lowest modal share evaluation 9 7 1 5 3 5

Input-based consistency 0 0.167 0 0.153 0.125 0.014

Fig. 6 The official modal split data from Budapest by EPOMM [12]

Table 7 Weight scores and ranking after the sensitivity check
for Group 1

Mobility Type Old weight New weight Old rank New rank

Public Transport 0.486 0.3 1 1

Car 0.199 0.2362 2 2

Car-Pooling 0.0418 0.0790 5 5

Walking 0.0993 0.1365 3 3

Bicycle 0.0745 0.1117 4 4

Home Office 0.0993 0.1365 3 3
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cannot cause a ranking reversal; consequently, the re-
sults are trustworthy.

6 Conclusion
Modal split estimation by applying the BWM method-
ology can be considered as a pioneer work in scientific
literature. Considering real-world applications, some
benefits and limitations are discovered.
As a benefit, the easy-to-use characteristics of the

method have to be emphasized based on the experience
of the conducted survey. Furthermore, the relatively high
consistency of responses is promising and demonstrates
the understandability of the BWM based questionnaire
and the pairwise comparison logic. The quantified rela-
tions could be considered not for the superior alone but
for the inferior alternatives as well as an asset of this ap-
proach. The strongest argument for the proposed
method is the high similarity with a large-scale mobility
survey on modal split.
The case study reveals the estimated choice of com-

muters in different groups based on the distance of
travel and produced robust results in the aspect of sensi-
tivity, consistency, and concordance. The sensitivity ana-
lysis shows stability for the relatively large modifications
of the final scores; measuring consistency proves the co-
herence of the responses, and the concordance calcula-
tion indicates the strong agreement of the groups. Thus,
all tools of MCDM are applied for validating the rele-
vance of the BWM in modal split analysis.
As a limitation, the non-flexibility of the alternatives

has to be noted. The list of possible alternatives, i.e., the
mode choices, could not be extended by the evaluators;
thus, they have to use the provided alternative list.

Consequently, before all BWM survey, a thorough selec-
tion of the possible transport modes is necessary consid-
ering the mode choice options for different commuting
situations.
For the entire validation of the model, the comparison

with other existing MCDM techniques is missing. It
must be emphasized that for this comparison, another
survey is necessary to be conducted because the data
gained from BWM procedure are not suitable for pro-
cessing other widely applied techniques. However, it is
highly recommended to analyze the outcomes by using
different models.
Furthermore, it is necessary to compare the effective-

ness of the estimation over different periods because
considering one time interval the similarities can be inci-
dental. Even if we presented solely one example, both
the inner logic and the outer test are successful, which is
more than promising from the aspect of future BWM
applications for modal split estimation.
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