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Abstract: - This study proposes a composite sustainable smart city (SSC) index based on 17 indicators grouped
into four dimensions and applies it to nine European cities using 2018 data. It examines how weights derived
using Redundancy-Penalized Entropy Weighting (RPEW), the Analytic Hierarchy Process (AHP), and the
Analytic Network Process (ANP) affect the resulting city scores and rankings. RPEW is an objective method that
derives weights from entropy-based variation across cities and adjusts for redundancy among correlated
indicators. AHP and ANP are judgment-based, subjective methods. AHP derives indicator and dimension
priorities from pairwise comparisons within a hierarchy, while ANP accounts for interdependencies among
indicators through a network structure. The pairwise judgments used for AHP and ANP in this study were
collected from three domain experts. To isolate the effect of the weighting approach, the same winsorization,
normalization, aggregation, and scoring procedures were applied across all three methods. Stockholm ranks first
under RPEW and AHP, while Amsterdam ranks first under ANP. Spearman’s rank correlations range from 0.783
t0 0.933, showing that the rankings are strongly related while still differing in the positions of some cities. Overall,
the results illustrate how objective data patterns, hierarchical judgments, and indicator interdependencies can lead
to different assessments of city performance.
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1 Introduction technology in improving urban services and
People, jobs, housing, economy, transport, and public managing city systems. At the same time,
services are the key elements of a city. Union of these environmental, economic, and social outcomes
elements creates opportunities. However, it also puts remain central to the assessment. Technology is
pressure on natural resources, the environment, and therefore_\_newed as a tOOI_ fo_r supporting _urban
residents’ quality of life. Therefore, a city must be sustainability rat_her than an |nQ|cator of sustainable
sustainable. But being sustainable is not enough. It performance on its own. Assessing SSC performance
also needs to consider economic vitality, social requires a multidimensional approach that considers
equity, health, and the conditions of life for future both the outcomes achleveql by cities and the methods
generations. Although the term sustainable city has used to measure and combine them [3].
been used by the researchers in different ways, there Academics, international organizations,
is no single definition that captures every aspect of it companies have developed indices to assess, score
[1]. and compare city performance. Indices consist of
Following the sustainable city concept the smart different dimensions and indicators under these
city concept emerged. This concept emerged with a dimensions. They also differ in their purpose,
focus on the use of information and communication methodology and data sources. Some of them focus
technologies, data, and connected infrastructure to on technology and urban competitiveness. Others
improve urban services and management. These tools give attention to environmental and social
can support areas such as transport, public services, dimensions.  Differences in indicator selection,
and resource management. However, adopting weighting, and aggregation procedure can therefore
technology does not by itself make a city smart [2]. lead to different scores and rankings for the same city

The sustainable smart city (SSC) concept [4-7].
addresses these concerns by considering the role of
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Composite indices provide a way to bring
multiple indicators together, but their results depend
on the choices made at each stage of construction.
Weighting is especially consequential because it
determines how much each indicator contributes to
the overall assessment. Objective methods derive
weights from the data, whereas judgment-based
methods reflect assessments of relative importance.
Redundancy-Penalized Entropy Weighting (RPEW)
uses variation across cities to estimate the
information provided by each indicator and adjusts
for redundancy among correlated indicators [8]. The
Analytic Hierarchy Process (AHP) derives indicator
and dimension priorities from pairwise comparisons
within a hierarchy [9]. The Analytic Network Process
(ANP) also uses pairwise comparisons but represents
influence relationships among indicators in a network
and incorporates them into global priorities through
the super matrix procedure [10].

These differences are important in SSC
assessment because indicators can be related to each
other. For example, mobility conditions may affect
environmental outcomes. Economic and governance
conditions may influence a city’s ability to provide
services and infrastructure. That is why, when these
relationships are considered, the weight of each
criterion may change. However, comparing results
from different studies is difficult when they use
different cities, data years, indicators, or scoring
methods. When several aspects of the assessment
vary, it is difficult to determine how much of the
difference in city rankings can be attributed to the
weighting method.

Our study proposes a composite SSC index which
is consist of 17 indicators grouped into four
dimensions. The case study applies it to nine
European cities using 2018 data. During the case
study section RPEW, ANP and AHP methods are
used as weighting procedure to see how the
weighting methodology affect the final scoring and
ranking Beside the weighting procedure, The same
winsorization, normalization, aggregation, and
scoring procedures are used across all three analyses.
The weighting method is the only part that changes.
The AHP and ANP pairwise judgments used in this
analysis were collected from three domain experts
specializing in urban sustainability and smart city
management.

The study addresses three research questions:

1. How do RPEW, AHP, and ANP differ in the
importance they assign to the 17 indicators
and four dimensions?

2. How does the choice of weighting method
affect city scores and rankings when
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normalization, aggregation and scoring steps
are the same?

3. How consistent are the city rankings across
the three methods, and which cities show the
greatest rank variation?

Section 2 reviews the literature on SSC
assessment and weighting methods. Section 3
explains the index structure, the three weighting
methods, and how city scores are calculated. Section
4 presents the results for RPEW, AHP, and ANP and
compares the scores and rankings of the cities.
Section 5 discusses the main findings and their
implications. Section 6 concludes the study by
addressing its limitations and suggesting areas for
future research.

2 Literature Review

Smart and sustainable city assessment frameworks
examine urban performance from different
perspectives. Several organizations have developed
indices to evaluate cities based on different
dimensions and criteria. For example, the IESE Cities
in Motion Index [6] includes governance, mobility
and transportation, environmental conditions, social
cohesion, technology, and human capital. The Global
Power City Index (GPCI) [11] focuses mainly on
how competitive and attractive cities are. The IMD
Smart City Index [5] considers how residents
perceive urban services and infrastructure. Other
indices focus more on sustainability. These include
the Arcadis Sustainable Cities Index [4], Corporate
Knights Sustainable Cities Index [12], Sustainable
Development Report (SDR) [13], and City Prosperity
Index (CPI) [14]. They examine environmental,
social, and economic outcomes of urban
development.

Academics have also examined smart and
sustainable city performance using different
methods. Ozkaya and Erdin [15] used ANP to
calculate the weights of indicators and TOPSIS to
rank cities. Shmelev and Shmeleva [16] included
economic, social, environmental, and smart city
indicators in their assessment model. Abu-Rayash
and Dincer [17] considered sustainability and
smartness in a single framework. They also compared
different weighting methods. Unal and Dursun [8]
used RPEW and soft non-compensatory aggregation
to score cities and they proposed a SSC index. The
studies differ in the indicators they use and in how
they normalize data, assign weights, and combine
indicator values.
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AHP is one of the methods used to evaluate urban
sustainability and identify which SSC indicators are
more important. Ameen and Mourshed [18] used this
method in the Iragi Urban Sustainability Assessment
Framework. They assigned weights to indicators and
ranked them based on local conditions and
stakeholder priorities. Carli et al. [19] also used AHP,
but their work focused on sustainable metropolitan
cities. They looked at indicators related to energy,
water, and environmental systems. Gazzeh [20]
studied sustainable smart cities and used content
analysis to identify indicators from previous studies.
AHP was then used to rank these indicators according
to their importance. Although the studies focused on
different aspects of urban sustainability, they all used
AHP to determine the relative importance of
indicators.

ANP offers a related approach in which
dependencies among assessment criteria can also be
represented. Wey and Peng [21] integrated smart city
and urban sustainability indicators into a common
assessment framework and used ANP to account for
dependencies among them. Their framework was
illustrated through applications to Taipei and
Singapore. DEMATEL and ANP approaches have
been used by Ghaemi Rad et al. [22] for the criteria
assessment in ubiquitous cities. These applications
are relevant to SSC assessment because urban
indicators may be connected across dimensions, and
their relative importance may depend on how those
connections are represented.

This study builds on the method used by Unal and
Dursun [8]. It proposes a compact SSC assessment
framework using 17 indicators selected from the
literature review and reports published by different
organizations. The data for these indicators come
from publicly available sources, which are presented
in the next section. RPEW, AHP, and ANP weighting
methods are applied to the same cities and indicators
to calculate indicator weights. The other steps, such
as normalization and aggregation, are kept the same.
The aim is to compare how different weighting
methods affect SSC scores and city rankings.

3 Methodology

The SSC assessment starts with the selection of
indicators, which are grouped into four dimensions.
The data are then winsorized and normalized. Three
different methods, RPEW, AHP, and ANP, are used
to determine the indicator weights. Once the weights
are obtained, the same aggregation and scoring
procedures are used to calculate the SSC scores and
rankings of the cities.
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This allows the influence of the weighting method on
the assessment results to be examined while keeping
the remaining methodological steps consistent. The
following subsections describe each stage of the
framework.

3.1 SSC Index Structure and Indicator
Selection
The SSC index includes 17 indicators. These

indicators are divided into four dimensions. The
dimensions are as follows: Environmental
Sustainability, Smart Mobility and Infrastructure,
Economic Performance, and Governance and Quality
of Life. The indicators were chosen after reviewing
existing smart city and sustainable city assessment
frameworks. Their relevance to SSC performance
and the availability of comparable data for the cities
were considered during the selection process. Only
indicators with publicly available data were included
so that others could access the sources and reproduce
the results [23-26].

The same indicators are used for three different
weighting methods (AHP, ANP and RPEW). Table 1
(Appendix) lists the indicators and shows their
dimensions, measurement units, and data sources. It
also identifies whether each indicator is a benefit (B)
or cost (C) criterion. For benefit criteria, higher
values are better. For cost criteria, lower values are
better.

3.2 Data Preprocessing and Normalization
A winsorization process is applied to limit the
influence of extreme values. In this procedure, for
each indicator j, lower and upper bounds are
calculated. To evaluate this process, the 5th and
95th percentiles of its empirical distribution across
all cities are used. The lower bound L; and the upper
bound U; are calculated as follows:
Lj = Qoos(x ), Uj = Qoos(x) (1)
where Qg os(x.j) and Qg 9s(x.;) denote the 5th
and 95th percentiles of indicator j calculated across

all alternatives (cities in this case). The values that
fall outside of the bounds are calculated as follows:

xl-j 1fLJ < xij < U]

! —
xij ==

)

where x;; represents the observed value of
indicator j for city i, and x;; denotes the winsorized
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value. The 5th and 95th percentile thresholds are
applied to reduce the effect of extreme values. This
step also helps not to remove too much information
from the dataset. Next, the winsorized indicators are
normalized using ranging from 0 to 1. Benefit (where
higher values are preferred) and cost (where lower
values are preferred) criteria are normalized using
respectively the formulations (3) and (4):

N = xiy=Lj 3)
Yo UL

n.: = ] 4)
Y-

where n;; denotes the normalized value of
indicator j for city i obtained after the winsorization
and normalization procedures. As a result, all
normalized indicator values are expressed on a
common scale, where higher values represent better
performance across all indicators. The same
preprocessing and normalization procedures are used
for the RPEW, AHP, and ANP applications,
providing a common dataset for the subsequent
weighting and scoring stages.

3.3 Weighting Methods

As mentioned in the previous sections, the main goal
of this study is to compare city rankings which are
calculated through three different weighting methods
(RPEW, AHP, and ANP). RPEW calculates indicator
weights combining entropy-based information with a
penalty for redundancy between indicators. It means
that if an indicator is correlated with another indicator
(means that there is a redundancy), it gets lower
value. Besides, this method is an objective method.
AHP uses pairwise comparisons to calculate
indicator weights within a hierarchical structure.
ANP also uses pairwise comparisons, but it considers
the relationships between dimensions and indicators
through a network structure. The weights calculated
by these methods are then applied to the same
normalized data. The aggregation and scoring
procedures are kept the same to compare how the
different weights affect SSC scores and city rankings.

3.3.1 Redundancy Penalized Entropy Weighting
(RPEW) Method

RPEW is used to derive objective indicator weights
from the observed data [8]. The method combines
entropy-based weighting with a correlation-based
adjustment for redundancy. The entropy component
reflects how much an indicator differentiates between
cities, while the redundancy adjustment reduces the
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influence of information shared by correlated
indicators.

First, a probability matrix is constructed based on
the normalized indicator values. For each indicator j,
the probability associated with city i is computed as:

.
YRy

(5)

where m shows the total number of cities. Next,
the entropy value of each indicator j is then
calculated as follows:

1 m
% =~ Inm) Z pijIn(p;;)
i=

where 1/In(m) is a normalization constant
ensuring that 0 < e; < 1. The logarithm of zero is
undefined. In this study, if the probability values are
0 in the term p;; In(p;;) then it is treated as zero.

The degree of divergence is calculated as follows:

(6)

A correlation-based penalty factor is used to get
lower redundancy between indicators. The Pearson
correlation coefficient between indicators j and k
denoted by pj. This coefficient is calculated using
the normalized values of the indicator across all
cities. The redundancy penalty is calculated as

follows:
1
K—1 Z | Pjic |
k#j

Ri=1- )

where K is the total number of indicators. This
formulation penalizes indicators that convey
information already captured by others, regardless of
correlation direction.

The final indicator weights are obtained by
combining both components:

WRPEW _

J
Z.dj "R
j
This procedure ensures that indicators with higher

discriminatory power and lower redundancy receive
greater importance.

)
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3.3.2 Analytic Hierarchy Process (AHP)

AHP uses pairwise comparisons to calculate the
relative weights of indicators within a hierarchical
structure [9]. In this study, the hierarchy includes the
main SSC assessment objective, four dimensions,
and 17 indicators. The four dimensions are compared
with each other. The indicators within each
dimension are also compared. These comparisons use
Saaty’s 1-9 scale, where 1 means equal importance
and 9 means extreme importance. Reciprocal values
are used when the preference is reversed [9].

Each judgment set produces a comparison matrix
A% whose entry a,) expresses the importance of
element r relative to element s. Diagonal entries equal
one, and opposite entries are reciprocals. For this
study, pairwise judgments were collected from three
domain experts, assigned equal importance, and
combined using the geometric mean [27]:

1
Ars = (HIg:lars(k))K

where K =3 and a, is an entry of the aggregated
comparison matrix A. The priority vector is obtained
from its principal right eigenvector:

(10)

AW = AdpaxW (11)
where 1,4, IS the largest eigenvalue and w is
normalized to sum to one. The vector is computed
iteratively by multiplying an initially uniform vector
by A and normalizing the result until convergence.
Consistency is evaluated using the consistency
index (CI) and consistency ratio (CR) [28]:

cI
Rlq

Ccl = Amax — 4

;. CR =
q-1

(12)

where g is the matrix order and RI, is the
corresponding random index. Rl values of 0.58, 0.90,
and 1.12 are used for matrices of orders three, four,
and five, respectively. A CR below 0.10 is adopted as
the acceptable consistency threshold. This
assessment applies to both individual and aggregated
matrices; comparisons exceeding the threshold
require review.

The dimension comparison matrix provides
dimension weights a4, while the within-dimension
matrices provide local indicator weights v; 4. The
global weight of indicator j belonging to dimension d
is calculated as:

w AHP

'j = UqVja (13)
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Dimension weights, local weights within each
dimension, and global weights across all 17
indicators each sum to one. The resulting weights are
applied to the same normalized dataset using the
common aggregation and scoring procedure
described in Section 3.4.

3.3.3 Analytic Network Process (ANP)
ANP incorporates interdependencies and feedback
among criteria [10]. The 17 SSC indicators constitute
four clusters corresponding to the index dimensions.
A directed network identifies indicator-level
influences. For each target indicator, linked
indicators within each source cluster are compared
using Saaty’s 1-9 scale. Three equally weighted
judgment sets which collected from the same three
experts are aggregated by geometric mean; local
priorities and consistency are determined as in Egs.
(10-12). These priorities form the unweighted
supermatrix:

N =17

U= [urs]Nle (14)

Where r and s index source and target indicators,
and u, is the corresponding local influence priority.
If 7 > s, then u,g = vy s q(r), Where a(r) identifies
the source cluster and v,.s () is the priority of r
within that cluster for target s; otherwise, u,; = 0.
The function b(s) identifies the cluster of targets s.
Pairwise comparisons of source clusters with respect
to target cluster b give cqp, the relative influence of
source cluster a. The weighted supermatrix is
constructed as:

—u Ca(r)Ib(s)
s TS Yheds Chib(s)

Wy (15)

where, W = [wys]yxy 1S the weighted
supermatrix, A, is the set of source clusters linked to
target s, and h indexes these active clusters.
Normalization over A makes every column of W
sum to one. The limit supermatrix is obtained from
successive powers of W:

L = limw?

t—>oo

(16)

where, t is the power index, and L is the limiting
matrix when convergence occurs. Global ANP
indicator weights are obtained from the row means of
L:
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ANP = ST Ly (17)

where, Lj, is the element in row j and column s of
the limit supermatrix; j indexes indicators, while s
indexes its N = 17 columns. The global weights
w/*NP sum to one across all indicators. The weight of
dimension d is wiN? = ¥ ;c; wiNF, where J; is its
indicator set (d = 1, ...,4). Within each dimension,
the normalized local weight of indicator j € J; is
w/NP /wiNP These weights are used in the common
aggregation and scoring procedure described in
Section 3.4.

3.4 Aggregation and Scoring
To determine cities’ dimension scores, indicator
weights are multiplied with normalized values as

follows:
Si = Z W] nij
J

Then, the overall SSC score is calculated using
geometric mean. The overall score for city i is
defined as:

(18)

$SC; = exp(TLywaln(Si+2) (19

where d is the number of dimensions, w, denotes
dimension weights, and € is a small constant set to &
= 107% introduced to avoid numerical issues when
dimension scores approach zero.

4 Case Study and Results

In this section city scores are calculated using the
proposed framework. The same methodological steps
are applied to raw data, and only weighting methods
are changed. As mentioned, it the previous sections,
proposed SSC assessment framework is applied to
nine European cities using 2018 data. The analysis
first compares the indicator weights obtained from
each method. Next, SSC scores are calculated.
Finally, Spearman’s rank correlation coefficients and
changes in city rankings are examined.

4.1 Comparison of Indicator Weights

The three methods assign different weights to the 17
SSC indicators. RPEW calculates weights based on
the redundancy between indicators. On the other
hand, AHP and ANP use expert judgments to
determine the weights. AHP follows a hierarchical
structure, while ANP considers relationships between
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indicators through a network structure. Table 2 shows
the weights calculated using RPEW, AHP, and ANP.

Table 2. Comparison of Global Indicator Weights
Obtained Using RPEW, AHP, ANP

Indicator ijPEW W]-AHP w]_ANP
PM2.5 Exposure 0.0499 0.1331 0.0229
ﬂgt‘tlt;:gﬁ dUI"nbti'r‘]Sny 0.0680 0.0507 0.0037
Green Area per Capita 0.0826 0.0601 0.0120
Share of Green Areas 0.0668 0.0366 0.0146
Tree Cover Share 0.1004 0.0767 0.0099
Public Transport Accessibilit

Withinalo-l\r/)linute Walk Y 00586 00552 0.1579
Traffic Index 0.0488 0.0294 0.0964
People Killed in Road Accidents 0.0262 0.0978 0.0465
Fiber Access 0.0524 0.0171 0.0078
Broadband Access (30 Mbps+)  0.0259 0.0128 0.0157
GDP per Capita 0.0855 0.1333 0.1929
Labour Productivity 0.0467 0.0867 0.0826
Unemployment Rate 0.0535 0.0564 0.0846
Local Online Service Index 0.0394 0.0144 0.0055
Homicide Rate 0.0767 0.0507 0.0914
Quality of Life Index 0.0621 0.0599 0.1144
Property Price to Income Ratio  0.0566 0.0289 0.0412
Total 1.0000 1.0000 1.0000

Source: created by the authors.

Table 2 shows that the three methods assign
different weights to some of the indicators. In RPEW,
Tree Cover Share has the highest weight (0.1004).
GDP per Capita (0.0855) and Green Area per Capita
(0.0826) come next. For AHP, GDP per Capita
(0.1333) and PM2.5 Exposure (0.1331) have the
highest weights, followed by People Killed in Road
Accidents (0.0978). The results are different for
ANP. GDP per Capita has the highest weight
(0.1929), followed by Public Transport Accessibility
within a 10-Minute Walk (0.1579) and Quality of
Life Index (0.1144).

These differences are particularly noticeable at the
dimension level. Environmental Sustainability
represents approximately 36.8% and 35.7% of the
total weight under RPEW and AHP, respectively, but
only 6.3% under ANP. In contrast, Economic
Performance and Smart Mobility and Infrastructure
account for approximately 36.0% and 32.4% of the
total ANP weight, respectively. This suggests that the
network-based evaluation places greater emphasis on
economic and mobility-related indicators, whereas
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environmental indicators receive relatively greater
importance under RPEW and AHP.

Overall, the results demonstrate that applying
different weighting approaches to the same indicator
set can lead to substantially different assessments of
indicator importance. However, these differences do
not necessarily result in equivalent changes in city
performance scores since their effects also depend on
the normalized indicator values of each city. The
implications of these weighting differences for
overall SSC scores and rankings are examined in the
following section.

4.2 Overall SSC Scores and Rankings

In this subsection the overall SSC scores of the nine
European cities were calculated. As mentioned in the
previous sections, all the calculation steps are kept
the same except the weighting procedure. 3 different
weighting methodologies are used. Although the
same indicator and data set were used for all three
approaches, differences in the assigned weights led to
variations in the resulting city scores. Table 3
presents the overall SSC scores calculated with
different weighting methods.

Table 3. Overall SSC Scores

City SSCRPEW  ssc/HP  s§CANP
Stockholm 0.7204 0.7785 0.6306
Copenhagen 0.6969 0.6495 0.7356
Amsterdam 0.6367 0.6023 0.7806
Helsinki 0.6114 0.6702 0.5676
Berlin 0.5275 0.4531 0.4806
London 0.3997 0.4637 0.3981
Paris 0.3677 0.4116 0.5104
Budapest 0.3654 0.2808 0.3400
Rome 0.0080 0.0120 0.0041

Source: created by the authors.

The cities with the highest scores are not the same
for all three weighting methods. Stockholm ranks
first under RPEW (0.7204) and AHP (0.7785).
However, Amsterdam has the highest score under
ANP (0.7806). Copenhagen (0.7356) and Stockholm
(0.6306) rank second and third, respectively. These
cities generally perform well across the three
methods, but their rankings change depending on the
weights used. Rome and Budapest are at the lower
end of the list in all three methods. Table 4 shows the
city rankings based on their overall SSC scores.
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Table 4. City Rankings under Different Weighting
Methods

A

o
>

CoUI~NO AR NWZ
o

City RPEW
Stockholm 1
Copenhagen
Amsterdam
Helsinki
Berlin
London
Paris
Budapest
Rome 9
Source: created by the authors.

O~NOUIAWN
©CoO~NUTONMWR|T

As shown in Table 4, several cities got the same
positions such as Budapest and Rome. However, the
rest of the cities are affected by the choice of
weighting method. Stockholm ranks first under
RPEW and AHP. But under ANP it is the third best
performing sustainable smart city. Stockholm
changed its place with Amsterdam. Helsinki
positioned to a higher place in AHP (From fourth to
second). Paris also shows a better performance under
ANP as Amsterdam. It improved from seventh under
RPEW and AHP to fifth under ANP.

The results show that the weighting method can
affect city rankings, especially when cities perform
differently across the indicators. However, some
cities remain in similar positions even when the
indicator and dimension weights change. The next
section compares the rankings in more detail using
Spearman’s rank correlation.

4.3 Rank Correlation and Ranking Stability
Analysis

As discussed in 4.2, except for two cities (Rome and
Budapest), the three weighting methods give
different city rankings. Spearman’s rank correlation
coefficient was calculated for each pair of methods
(RPEW-AHP, RPEW-ANP, AHP-ANP) to compare
the obtained rankings. This coefficient shows how
closely the city rankings are across the different
weighting methods. The coefficient is calculated as
follows:

627, df

nnz-1)

po=1 (20)

where p_ denotes Spearman's rank correlation

coefficient. d; represents the difference between the
ranks assigned to city i by two weighting methods
and n is the number of evaluated cities (n=9). Table
5 presents the Spearman Rank Correlations among
weighting methods.
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Table 5. Spearman Rank Correlations Among
Weighting Methods

Weighting Methods Z d;

Ps
RPEW — AHP 8 0.9333
RPEW — ANP 14 0.8833
AHP — ANP 26 0.7833

Source: created by the authors.

The Spearman rank correlations are positive and
relatively high for all three pairs of methods. RPEW
and AHP have the highest correlation, with a value of
0.9333. The correlation between RPEW and ANP is
also high, at 0.8833. AHP and ANP have the lowest
correlation, with a value of 0.7833. This shows that
the rankings obtained from AHP and ANP have more
differences compared to the other pairs. For example,
Amsterdam ranks fourth with AHP, but its position
changes to first with ANP. Stockholm ranks first with
both RPEW and AHP. However, it drops to third
place with ANP. Budapest remains in eighth place
under all three methods. Similarly, Rome ranks ninth
in all three methods. The results show that the
rankings are generally similar, but some cities change
positions depending on the weighting method used.
These changes are more noticeable among the
higher-ranked cities.

5 Discussion and

Implications

The results of the case study show that the choice of
weighting method is important in sustainable smart
city assessment. RPEW, AHP, and ANP weighting
methodologies were applied to the same indicators,
and the same data were used. The normalization and
aggregation procedures were also kept the same.
However, city rankings changed. RPEW gave
relatively more weight to environmental indicators.
Environmental and economic indicators have
relatively higher values in the AHP model. ANP gave
higher weights to economic performance and smart
mobility. This suggests that SSC results depend on
how their weights are determined.

The differences due to different methodologies
are also observed in the overall city rankings.
Stockholm ranked first when RPEW and AHP
models are used. Amsterdam achieved the highest
score under ANP. Spearman Rank Correlations are
calculated to compare the rankings of each couple of
weighting methodology. Despite the differences in
rankings, the Spearman correlation coefficients,
ranging from 0.7833 to 0.9333, indicate a relatively
high level of agreement among the three methods.

Managerial
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While the positions of some leading cities changed,
Budapest and Rome remained at the bottom of the
rankings in all three approaches. These findings
suggest that some ranking positions are more
sensitive to weighting choices than others. That is
why, using only one weighting method may not give
a complete picture of how cities compare in terms of
SSC performance.

The results may also be useful for policymakers,
urban planners, and city administrators. The
proposed index shows how cities perform in
environmental, mobility, economic, and governance-
related areas. City administrators can use these
results together with local priorities and development
goals instead of relying only on overall rankings. The
index uses a limited number of indicators, and the
data are available from public sources. This makes it
easier to apply the same approach to other cities and
future studies.

6 Conclusions and Future Research
This study proposes a compact Sustainable Smart
City index consisting of 17 indicators and four
dimensions. The dimensions are as follows:
Environmental Sustainability, Smart Mobility and
Infrastructure, Economic  Performance, and
Governance and Quality of Life. The case study is
applied using three different weighting approaches to
nine European cities using 2018 data. To examine
how different weighting methods influence SSC
performance, only weighting methodologies changed
and the rest of the procedures kept the same. This
allowed the effects of alternative weighting
approaches on city scores and rankings.

The three methods gave different indicator
weights and city rankings. Stockholm ranked first
with RPEW and AHP, while Amsterdam came first
with ANP. However, the Spearman rank correlations
were relatively high, showing that the overall
rankings were generally similar across the three
methods. This means that the weighting method can
affect SSC results, even when the same indicators
and scoring procedures are used. The proposed
framework uses a relatively small set of indicators
and compares an objective weighting method with
methods based on expert judgments. It also provides
a clear procedure that other researchers can follow
and reproduce when assessing sustainable smart city
performance.

This study also has certain limitations. The case
study is only applied to nine European cities, and a
single reference year is used. In addition, AHP and
ANP rely on pairwise judgments. Future studies
could include more cities and additional indicators if
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reliable data are available. Using data from several
years would also make it possible to examine how
SSC performance changes over time. Further studies
could examine whether the results change with
different expert judgments or different number of
experts. This could help explain how methodological
choices affect SSC assessment results.
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APPENDIX

Table 1. Indicators Included in the Proposed SSC Assessment Framework

Mert Unal, Mehtap Dursun

Dimension Indicator Unit Type Source
Environmental Sustainability PM2.5 Exposure pg/m? C OECD [23]
. S Nighttime Urban Heat Island o
Environmental Sustainability Intensity C C OECD [23]
Environmental Sustainability Green Area per Capita m?/person B OECD [23]
Environmental Sustainability Share of Green Areas % B OECD [23]
Environmental Sustainability Tree Cover Share % B OECD [23]
- Public Transport Accessibility
Smart Mobility & Infrastructure within a 10-Minute Walk % B OECD [23]
Smart Mobility & Infrastructure Traffic Index Index Score C Numbeo [24]
Smart Mobility & Infrastructure  People Killed in Road Accidents  per 10,000 population C Eurostat [25]
Smart Mobility & Infrastructure Fiber Access % of households B OECD [23]
Smart Mobility & Infrastructure  Broadband Access (30 Mbps+) % of households B OECD [23]
Economic Performance GDP per Capita UsD (PPP) B OECD [23]
Economic Performance Labour Productivity GDP p;grsg’lnployed B OECD [23]
Economic Performance Unemployment Rate % C OECD [23]
Governance & Quality of Life Local Online Service Index Score B UN E-Government Survey
2024 [26]
Governance & Quality of Life Homicide Rate per 100,000 population C OECD [23]
Governance & Quality of Life Quality of Life Index Index Score B Numbeo [24]
Governance & Quality of Life ~ Property Price to Income Ratio Ratio C Numbeo [24]
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