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a b s t r a c t

Water scarcity is one of the most serious problems of the future due to increasing urbanization and water
demand. Urban water planners need to balance increasing water demand with water resources that are
under increasing pressure due to climate change and water pollution. Decision makers are forced to
select the most appropriate water management alternative with respect to multiple, conflicting criteria
based on short and long term projections of water demand in the future. In this paper, we consider water
management in Istanbul, a megacity with a population of 15 million.
Purpose: The purpose of this paper is to develop a method combining demand forecasting with multi-
criteria decision making (MCDM) methods to evaluate five different water supply alternatives with
respect to seven criteria using opinions of experts and stakeholders from different sectors.
Methodology: To combine forecasting with MCDM, we design a data collection method in which we
share our demand forecasts with our experts. For demand forecasting, we compare Holt-Winters, Sea-
sonal Autoregressive Integrated Moving Average (S-ARIMA), and feedforward Artificial Neural Network
(ANN) models and select S-ARIMA as the best forecasting model for monthly water consumption data.
Generated demand projections are shared with experts from different sectors and collected data is
evaluated with Fuzzy Theory using two distinct MCDM models: Technique for Order of Preference by
Similarity to Ideal Solution (TOPSIS) and Preference Ranking Organization Method for Enrichment
Evaluations (PROMETHEE). Also our analyses are complemented with two sensitivity analyses.
Findings: Our results indicate that greywater reuse is the best alternative to satisfy the growing water
demand of the city whereas all experts find desalination and inter-basin water transfer as the least
attractive solutions. In addition, we adopt the PROMETHEE GDSS procedure to obtain a GAIA plane
indicating consensus among experts. Furthermore, we find that our results are moderately sensitive to
the number of experts and they are insensitive to changes in experts’ evaluations.
Novelty: To the best of our knowledge, our study is the first one incorporating water demand and supply
management concepts into the evaluation of alternatives. From a methodological perspective, water
demand projections have never been used in an MCDM study in the literature. Also, this paper con-
tributes to the literature with a mathematical construction of consensus and Monte Carlo simulations for
the sufficiency of experts consulted in a study.

© 2020 Published by Elsevier Ltd.
1. Introduction

As fresh water supplies decrease in quantity and deteriorate in
Savun-Hekimo�glu), barbaros.
has.edu.tr (M. Hekimo�glu),
quality, water resource management is more critical than ever
before, and the way forward is integrated water resources man-
agement. Water resources management is a complex task requiring
consideration of social, economic, and environmental aspects to
ensure publicly accepted solutions that foster economic growth and
improvement in the quality of life in subsequent decades. From a
practical perspective, water management can be exercised with
two distinct approaches: Water supply management, referring
search of water resources to be utilized for the city; water demand
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management, referring control of water demand with better dis-
tribution infrastructure, responsible consumption, and reuse
management (smart collection and wastewater treatment to utilize
treated water to satisfy a portion of urban water demand).

All urban water planning studies consist of two main phases.
First, water demand projections are generated by considering trend
and seasonality on historical consumption data for short and long
term horizons using statistical techniques. Second, different water
management solutions are evaluated with respect to a heteroge-
neous, consisting of quantitative and qualitative, set of criteria for a
given water demand projection. Quantitative evaluation criteria
can easily be integrated into optimization models. However, qual-
itative criteria, such as public acceptance and environmental-
friendliness, are difficult to measure and quantify using mathe-
matical methods. The heterogeneity of the criteria set required for
water management issues motivates us to utilize Multi-Criteria
Decision Making (MCDM) methodologies for a comprehensive
evaluation of water management alternatives. The capability of
including different types of criteria is one of the most well-known
advantages of MCDM methods.

Some of these evaluation criteria are quantitative and can easily
be integrated into optimizationmodels while many are impossible-
to-quantify, e.g. public acceptance and environmental-friendliness.
The existence of such heterogeneous decision making criteria re-
quires the utilization of Multi-Criteria Decision Making (MCDM)
methodologies for evaluation of water management solutions.

In this study, we evaluate various solution alternatives of supply,
demand, and reuse management approaches for meeting the city’s
increasing water demand, which follows seasonal cycles over a
year. To evaluate the alternatives, we utilize a combination of
forecasting and MCDM methods by considering the perspectives
and opinions of different stakeholders after sharing the water de-
mand forecast of Istanbul with them. Then, calculated results are
analyzed to measure their sensitivity to variations in experts’
judgements. The main motivation behind this paper is evaluating
water demand and supply management alternatives by combining
forecasting with MCDM methods, a research gap that has never
been addressed before. The combination of the two methods is
suggested for reaching a consensus on the best ranking of alter-
natives for the water management problem of Istanbul.

For demand forecasts, we utilize monthly water consumption
data between 2009 and 2019 supplied by the Istanbul Metropolitan
Municipality as a part of their open data program (https://data.ibb.
gov.tr/en/). Using the collected data, we compare three different
methods, Holt-Winters, Seasonal Autoregressive IntegratedMoving
Average (S-ARIMA), and Artificial Neural Network (ANN), and
generate demand projections. These demand projections are
shared with water management experts and various stakeholders
to collect their evaluations of five distinct water supply alterna-
tives; inter-basin water transfer, rainwater harvesting, greywater
reuse, desalination and irrigation with reused water, with respect
to seven criteria (Section 3.2).

Expert evaluations are processed with fuzzy logic and two
respective MCDM methods: Technique for Order Performance by
Similarity to Ideal Solution (TOPSIS) and Preference Ranking Or-
ganization Method for Enrichment Evaluations (PROMETHEE). The
main motivation of selecting TOPSIS is that the method is not
affected by the correlation between criteria which might be an
issue in our case. Also, TOPSIS has a simple structure and can easily
be interpretable by the decision makers (Behzadian et al., 2012).
PROMETHEE is motivated by its suitability for criteria in different
magnitudes, e.g. volume, cost, flow rate, public acceptance. Besides,
the results of PROMETHEE can be successfully visualized and
interpreted on a GAIA plane which facilitates the communication of
findings (Behzadian et al., 2010) and provides additional insights.
2

Compared to the other alternatives in the literature, TOPSIS with
linear normalization is recognized as an efficient outranking
method. Using Euclidean metric TOPSIS leads to the similar results
with VI�sekriterijumsko KOmpromisno Rangiranje (VIKOR), which
utilizes a general Lp metric and more calculation coefficients
(Opricovic and Tzeng, 2004). TOPSIS with vector normalization is
reported to generate more realistic and stable results
(Antucheviciene et al., 2012; Mousavi-Nasab and Sotoudeh-Anvari,
2017). Similarly, Peng and Dai (2018) compare Multi-Attributive
Border Approximation Area Comparison (MABAC) and TOPSIS on
a MCDM problem. Reportedly they reach the same results as they
essentially aggregate function for distance to negative and positive
ideal solutions. Mousavi-Nasab and Sotoudeh-Anvari (2017)
compare TOPSIS and Complex Proportional Assessment (COPRAS)
and conclude that both methods can handle qualitative and
quantitative criteria, can handle a large number of alternatives,
provide perfect ranking of options and is not influenced by any
supplementary parameter. Su et al. (2020) report that there are
more than 70 different techniques for solving MCDM problems and
they may lead to different results due to their methodological dif-
ferences. Hence, it is important to utilize multiple methods from
different solution approaches for the same problem and apply
sensitivity analysis to the results.

Our results indicate that Istanbul’s water demand is growing
over time and expected to be higher than 100 thousand m3 per
month by 2021 (Fig. 4). To satisfy this rapidly growing water de-
mand, two solution alternatives of reuse management, reuse of
greywater and irrigationwith reused water, are found to be the two
most attractive with respect to both quantitative, e.g. operational
cost, investment cost, and qualitative, e.g. ease of operation and
public acceptance, criteria. We also detected that academics and
public sector practitioners have similar preferences for the alter-
natives, which we quantify and depict by adopting the PROMETHEE
GDSS method (suited for group decision making (Brans and De
Smet, 2016)), to our problem.

Our paper provides a solution ranking for water management
problems in Istanbul and it also contributes to theMCDM literature.
The main achievements and the contributions of our study can be
listed as follows:

C Our results provide guidance to city planners and policy-
makers which, according to our results, should consider
reuse management practices for the future rather than
focusing on supply management solutions.

C As a novel approach to evaluation of the water solution al-
ternatives, we combine water demand forecasting with
MCDM methods by sharing our future projections with ex-
perts to obtain more realistic evaluations and limit the effect
of subjectivity. We believe that our approach will be bene-
ficial for future researchers who are interested in these
methods.

C We adopt the PROMETHEE GDSS procedure to visualize
consensus among experts. To determine the sufficient
number of experts for reaching a consensus, we apply a
simulation-based method by using a mathematical defini-
tion of consensus for a given number of experts (Appendix
B). Our simulations imply that the expert size leading to a
consensus on alternative rankings is moderately sensitive to
variations in experts’ evaluations.

C Also, we analyze the sensitivity of solution rankings to vari-
ations in experts’ opinions. We find that the results are
insensitive to variations in experts’ evaluations. Particularly,
F-TOPSIS is found to be generating more insensitive results
compared to F-PROMETHEE.

https://data.ibb.gov.tr/en/
https://data.ibb.gov.tr/en/
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This paper consists of five sections. In Section 2, brief back-
ground information on water management issues in Istanbul and a
literature review on the suggested methodologies are provided.
Section 3 discusses decision criteria and various water supply al-
ternatives for Istanbul. This discussion is followed by the applica-
tion of the two MCDM models to the water management issues of
Istanbul. The results of our analyses and their interpretations are
presented and discussed in Section 4. Section 5 concludes the paper
with the implications of our findings, limitations and future
research directions.
2. Literature review

2.1. Brief background information on water management in
Istanbul

Asmentioned above, there are two possible solution approaches
for water scarcity: supply management (providing new sources of
supply to meet the demand) or demand management (optimizing
the use of existing water supplies to avoid the need for new re-
sources). In Istanbul, water management activities are still at the
supply management level, mainly due to lack of measures to con-
trol water consumption.

Water supply has always been an issue in Istanbul throughout
the entire history. In order to meet the increasing water demand in
Istanbul, large-scale water transfer schemes were put into practice
as no perennial water resources exist within the municipal
boundaries (Burak et al., 2017). Inter-basin water transfer relies on
water diverted from donor to recipient basin and this strategy is
practiced to satisfy the ever-expanding metropolis’ demand, as also
it has been the most preferred solution in other water-scarce re-
gions of the world (Burak and Margat, 2016; Burak and Mat, 2020;
Gohari et al., 2013). Currently, in Istanbul, inter-basin water trans-
fers meet 45% of the water requirements of a population exceeding
15 million (ISKI, 2019). Water transfer from neighboring water-
sheds is expected to meet 70% of Istanbul’s water demand whose
urban population is expected to grow to over 19 million by 2040
(Turkish Statistical Institute, 2018; Islar and Boda, 2014). Some
properties of inter-basin water transfer schemes in Istanbul are
presented in Table 1.

Several studies on water demand projection by Istanbul Water
and Sewerage Administration (_ISK_I) report domestic, industrial,
commercial, institutional (schools, government and other public
buildings), touristic and unaccounted-for water consumption.
Water Resources of Istanbul are Terkos, Büyükçekmece, Sazlıdere
and Alibeyk€oy lake reservoirs for the European side and Elmalı,
€Omerli, and Darlık lake reservoirs for the Anatolian side. There are
five main water treatment plants, Ka�gıthane, Büyükçekmece,
_Ikitelli (Fatih Sultan Mehmet Han), €Omerli, Elmalı, that serve
Istanbul.

Water demand management can also be highly beneficial in
terms of protecting water resources through the efficient use of
fresh water and proper handling of wastewater. In comparison to
water supply efforts, wastewater treatment and demand manage-
ment in Istanbul have taken significantly slower steps. Presently,
there are 14 major wastewater treatment plants (WWTPs) in
Table 1
Some properties of inter-basin water transfer schemes in Istanbul (ISKI, 2019).

Project Name Volume of Transferred Water (million m3/year)

Istranca 365
Yeşilçay 335
Great Melen 1180

3

Istanbul; nine primaryWWTPs, two biological (secondary)WWTPs
and three advanced biological (tertiary) WWTPs. Secondary and
tertiary treatment plants constitute just 5 and 12% of Istanbul’s
overall WWTP capacity respectively and only a small part of the
treated wastewater from these plants is used in the city for irri-
gating gardens, parks and recreational areas (Burak and Demir,
2016; Burak and Margat, 2016; Burak and Mat, 2020; ISKI, 2019).
Reuse of wastewater is not a common practice in Istanbul for
several reasons such as outdated agricultural practices, inadequate
technology for wastewater treatment, and insufficient infrastruc-
ture for reuse. According to Mutailifu (2019), nothing serious has
been done to control water consumption in the society and Istanbul
is currently practicing supply management combined with suffi-
cient wastewater treatment systems.
2.2. Literature on short term water demand forecasting

Forecasting water demand is one of the most important tasks of
water resourcemanagement. Scholars have addressed this problem
since the 1950s and a significant body of literature has been
accumulated on the subject since then. As reviewing the entire
literature on this subject is beyond the scope of this paper, we only
consider the most relevant studies and refer to Memon and Butler
(2006), and Donkor et al. (2014) for reviews of the literature.

The forecasting part of our study includes three different
methods: Holt-Winters, Seasonal Autoregression Moving Average
(S-ARIMA) and feedforward Artificial Neural Network (ANN). Holt-
Winters is a classic forecasting method, first introduced by Holt
(1957) and extended by Winters (1960), for modeling seasonality
and trend by means of an additive (or multiplicative) model for a
given length of seasonal cycles (years in our case). Caiado (2010)
compared Holt-Winters, ARIMA and GARCH models for daily wa-
ter demand and concluded that the best performance can be ob-
tained by combining Holt-Winters and GARCH models.

S-ARIMA, the second method considered for our short water
demand forecasting, is a flexible model that can address autocor-
relation, trend and seasonality (Box et al., 2015) in a time series. In
S-ARIMA, the model parameters are estimated using the least-
squares method or maximum likelihood estimation as residual
terms are assumed to follow normal distribution with zero mean
and constant variance (Box et al., 2015). One important point of
modeling time series with S-ARIMA is the determination of
hyperparameters of the model. Specifically, the number of autore-
gressive and moving average terms included in the model signifi-
cantly affects the model’s forecast accuracy. Usually, the calculation
of these hyperparameters is manually conducted by using (partial)
autocorrelation and trend analyses (Box et al., 2015). Froukh (2001)
combined multiple forecasting models and generated a decision
support system for domestic water demand. In this study, we
contributed to this literature by comparing Holt-Winters, S-ARIMA
and single layer feedforward ANN models for monthly water con-
sumption data.

Feedforward ANN models are a popular technique for modeling
time series. An increasing amount of studies on different kinds of
ANN models has been published since the 1990s and ANN meth-
odology is extended to deep learning applications with the joint
Distance (km) Purpose

- Domestic, Industrial
60 Domestic, Industrial
185 Domestic, Industrial
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use of forward and backpropagation (Ghatak, 2017) and larger
networks, which sometimes suffer from overfitting due to the large
number of parameters. Feedforward ANN models with a single
hidden layer including a finite number of neurons can approximate
any continuous function on compact subset of Rn. This important
result is known as Universal Approximation Theorem in the ma-
chine learning literature (Alpaydin, 2014; Goodfellow et al., 2016).
In addition to the number of neurons in the hidden layer, decay rate
and the maximum number of iterations are the other hyper-
parameters of ANN modeling. Ghatak (2017) states that a detailed
search in the hyperparameter space is critical for the successful
implementation of ANN models and he suggests two heuristics in
addition to a grid search for estimating the hyperparameters of a
model. In the literature (Adamowski et al., 2012; Bougadis et al.,
2005; Ghiassi et al., 2008; Guo et al., 2018), ANN and deep
learning are used to estimate short term urban water demand. In
these models, usually different model architectures are considered
together with an extensive grid search on hyperparameter space.

By comparing ANN with regression models, Adamowski and
Karapataki (2010) extended this research stream. They utilize a
large set of regression and ANN models to weekly water demand
forecasting problem of Cyprus using six years of consumption data.
They find that ANN models generate more accurate results
compared to conventional regression models.

2.3. MCDM literature on water management

In water resources literature, MCDM has been widely imple-
mented as a major component of decision-support systems
(Amorocho-Daza et al., 2019; Fassio et al., 2005; Hajkowicz and
Higgins, 2008; H€am€al€ainen et al., 2001; Jaber and Mohsen, 2001;
Maia and Schumann, 2007; Makropoulos et al., 2008; Qureshi and
Harrison, 2001). It has been used for a range of water resource
problems, such as river basin planning (Raju et al., 2000; Weng
et al., 2010), water supply/allocation and reservoir operation (Flug
et al., 2000; Golfam et al., 2019a, 2019b; Mahmoud and Garcia,
2000; Srdjevic et al., 2004), urban water management (De Marchi
et al., 2000; Joubert et al., 2003; Zarghami et al., 2008), design of
monitoring networks (Nguyen et al., 2019), wastewater treatment
alternatives (Khalil et al., 2005; Kholghi, 2001; Piadeh et al., 2018a),
water quality (Shourian et al., 2017), groundwater management
(Pietersen, 2006), flood control (Shariat et al., 2019), and irrigation
planning (Karleu�sa et al., 2019).

Over 300 MCDM studies published between 1980 and 2012,
including 68 water resource management implementations, are
reviewed by Kabir et al. (2014). From the methodological
perspective, this research stream includes with ELECTRE (Govindan
and Jepsen, 2016; Haider et al., 2015; Trojan and Morais, 2012),
MAUT (Monte and de Almeida-Filho, 2016; Scholten et al., 2015),
Analytical Hierarchy Procedure (AHP) (Benitez et al., 2011; Cabrera
et al., 2011; Freitas and Magrini, 2013; Piadeh et al., 2018b;
Zamarr�on-Mieza et al., 2017; Zyoud et al., 2016), compromise
programming (Abrishamchi et al., 2005; Fattahi and Fayyaz, 2010;
Shiau and Lee, 2005; Zarghami et al., 2008), TOPSIS and
PROMETHEE.

TOPSIS is a common MCDM method that considers the distance
of each alternative to the best and the worst ones with respect to a
set of decision making criteria (Noureddine and Ristic, 2019;
Petrovic and Kankaras, 2020). It is particularly suitable for water
management issues as it does not require criteria preferences to be
independent (Blanco-Mesa et al., 2017; Moghadas et al., 2019). In
the water management and hydrology literature, TOPSIS is used to
determine the preference relation between inter-basin water
transfer projects (Afshar et al., 2011; Zarghaami et al., 2007),
wastewater treatmentmethods (G�omez-L�opez et al., 2009; Srdjevic
4

et al., 2004), irrigation scheduling techniques (Wang et al., 2011).
Behzadian et al. (2012) provide a review of these studies. We
extend TOPSIS with fuzzy numbers in order to address randomness
in expert opinions using specific distributions.

PROMETHEE is an outranking method for ranking alternatives
with respect to conflicting criteria. The most popular application
area of the method is environmental problems, such as waste
management, environmental impact assessment, life cycle assess-
ment (Behzadian et al., 2010). In the context of water management
and hydrology, PROMETHEE is considered by Simon et al. (2006,
2005, 2004) to evaluate water management strategies. Raju et al.
(2000) utilize PROMETHEE for ranking different water irrigation
systems with respect to environmental, economic and social
criteria. Kodikara et al. (2010) developed a PROMETHEE approach
for determining the best alternative operating rules for municipal
water supply reservoir systems in Melbourne, Australia. Behzadian
et al. (2010) review these studies together with other applications
of PROMETHEE to environmental problems. We extend PROM-
ETHEE with fuzzy numbers to address variability in expert judge-
ments in the study.

Fuzzy-based systems are commonly used in the literature to
model linguistic ratings of experts on alternatives with respect to
qualitative criteria, airline service quality (Tsaur et al., 2002). Since
its foundation, fuzzy set theory has been applied to various
research problems and combined with different analytical methods
(Simi�c et al., 2017). Specifically, fuzzy sets are combined with
MCDM, mathematical programming, statistics and artificial intel-
ligence methods. Different fuzzy-MCDM approaches are applied to
various problems such as supplier selection (Kahraman, 2008),
product design (Liu, 2011) and personnel selection (Karsak, 2001).
Simi�c et al. (2017) review 54 papers including fuzzy mathematical
models such as, linear programming (Amid et al., 2006; Guneri
et al., 2009; Lin, 2012) and integer programming (Amid et al.,
2009). Also, fuzzy set theory is combined with statistics (Bottani
and Rizzi, 2008) and artificial intelligence methods (Jain et al.,
2004; Kuo et al., 2010). Our study belongs to the literature stream
combining fuzzy sets and MCDM methods to solve a decision
making problem.

By combining fuzzy sets with TOPSIS and PROMETHEEmethods,
we incorporate qualitative evaluations of experts on water man-
agement into the decision making process. As solution alternatives
of water management problems include social and qualitative
features, such as water quality and ease of operation, linguistic
ratings are important for reaching a conclusive decision using ex-
perts’ judgements. In addition to fuzzy sets, we assess the impact of
linguistic ratings using different techniques for the same MCDM
problem. This way, we are able to verify our results from different
perspectives. Our verification is extended with our sensitivity
analysis in Appendix E.

2.4. Our contribution

The closest studies to this paper are Coban et al. (2018) and
Hajkowicz and Higgins (2008). The former considers the solid
waste management problem in Istanbul by evaluating different
solutions with PROMETHEE 1 and PROMETHEE 2. The latter con-
siders only PROMETHEE 2 for water management issues, however,
their results are not compared or verified with another
methodology.

From the methodological perspective, our contributions to the
literature are fivefold: First, to the best of our knowledge, this study
is the first one combining forecasting with MCDM methods in the
literature. Although multi-criteria decision making problems are
widely being used for investment decisions that affect the future,
none of the studies in the literature consider conducting a
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forecasting study and sharing its results with experts in the liter-
ature before. Second, our review of the MCDM literature reveals
that F-TOPSIS and F-PROMETHEE methods have never been
compared before in spite of the large body of literature on these
methods. Third, we apply the PROMETHEE GDSS, suggested for the
group decision making process by Brans and De Smet (2016), to our
problem to obtain a graphical representation of the extent of
agreement and consensus between the experts. Fourth, the suffi-
ciency of the number of experts in MCDM studies has never been
addressed thoroughly. In this study, we conduct Monte Carlo sim-
ulations to determine the sufficient number of experts that guar-
antee consensus on the ranking of the alternatives. Fifth, to the best
of our knowledge, this is the first MCDM study on water manage-
ment of Istanbul. Our results indicate the best alternative for the
water management issue in Istanbul. These results are subjected to
sensitivity analysis in using sensitivity simulations (Appendix E).
3. Material and methods

The methodology utilized in this study consists of two main
parts: Water demand forecasting and MCDM. An overview of the
entire methodology of the study is depicted in Fig. 1. The fore-
casting part of the study starts with obtaining water consumption
Fig. 1. Overview
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data from the Istanbul Metropolitan Municipality (IMM). By
comparing three different models from the literature, we generate
forecasts for Istanbul’s water demand for the next year. These
forecasts are used as inputs to the MCDM study.

Our MCDM study is initiated with the definition of alternatives
and their evaluation criteria which are followed by the design of
evaluation forms and scale. In the evaluation forms (Appendix C)
we include demand forecasts and ask experts to evaluate water
supply alternatives accordingly. This link between the forecasting
and MCDM parts of the study is indicated with red dashed lines in
Fig. 1. Using these forms, we collect data from a different expert
group, consisting of top managers from governmental institutions
responsible for water management, respected academics of hy-
drology and water management, and managers of private sector
companies. Collected evaluations are processed with two different
MCDM methods, TOPSIS and PROMETHEE, both of which are
extended with fuzzy sets to obtain preference rankings of alter-
natives with respect to evaluation criteria. In the following sub-
sections, both forecasting and MCDM parts are discussed in detail.
3.1. Forecasting water consumption of Istanbul

Modeling monthly water consumption starts with trend and
of the study.



Fig. 3. Monthly representation of water consumption between 2009 and 2019.
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seasonality analysis on data. To this end, we decompose monthly
consumption data into seasonal and trend components using the
Loess model (Cleveland et al., 1990), which is applied to our prob-
lem by means of a built-in routine (Ripley, 2002) in R Gui, an open-
source statistical programming language. In this model, we assume
additive trend and seasonality components for monthly water
consumption data. The results (Figs. 2 and 3) indicate that monthly
water demand has a linear growth between 2009 and 2020 (5% per
year) and demand reaches its peak between May and August
whereas the lowest water consumption occurs in February.

These findings motivate us to consider forecasting models that
can address both trend and seasonality in data. To this end, we
utilize Holt-Winters (HW), Seasonal Autoregressive Integrated
Moving Average (S-ARIMA) and feedforward Artificial Neural
Network (ANN) for the projection of water consumption in
Istanbul.

In Holt-Winters models, the model parameters are updated
with new observations after they are corrected by learning pa-
rameters, which are optimized to minimize forecasting error. For
parameter estimation of the Holt-Winters model, we utilize the
Holt-Winters routine in R Gui which uses numerical optimization
routines based on conjugate gradients (Fletcher and Reeves, 1964).
Calculated learning (smoothing) parameters are given in Table 4
and coefficients for trend and months of a year are presented in
Table 5.

S-ARIMA is the second method considered for our water de-
mand forecasting. We run auto.arima, a built-in routine in R Gui, to
automatically search the hyperparameter space of the model and to
compare different model structures with respect to Akaike Infor-
mation Criterion (Hyndman et al., 2007). Calculated parameters of
the S-ARIMAmodel for monthly water consumption in Istanbul are
given in Table 6 in Section 4.

As the third forecasting method, we utilize a set of ANN models
including different number of nodes in a single hidden layer. In all
models, year, month and previous months’ consumption are
considered as independent variables. In addition to the different
sets of inputs, we run a grid search for the decay rate andmaximum
Fig. 2. Loess decomposition of water consumption data of Istanbul.

Fig. 4. Water consumption forecast for 12 Month in Istanbul.
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iteration parameters. The best combination of hyperparameters
selected in this search is given in Table 7. For this model, the values
of 57 model parameters are given in Table A.1 in Appendix A.

The performance of forecastingmodels is verified and compared
using k-fold cross-validation, which is executed in a rolling horizon
fashion. In this procedure, we divide the time series of water con-
sumption into training and test sets. The test set includes the last
hmax periods of the data whereas the rest is used as training set,
which is split k; k � N=hmax distinct periods. Then we consider the
first part and use it to forecast h; h ¼ 1;2;3; :::;hmaxperiods ahead.
Root Mean Squared Error (RMSE), Mean Squared Error (MSE), and



Table 2
Criteria for evaluating alternative solutions of water supply issue.

Criteria Class Code Decision Making Criteria References

Economic C1 Initial investment cost Coban et al. (2018); Fontana et al. (2011); Yilmaz and
Harmancioglu (2010)

C2 Operation and Maintenance Cost Coban et al. (2018); Fontana et al. (2011)
Environmental C3 Negative impact on the environment during the construction and operation of the

activity.
K€oksalan and Zionts (2012); Kumar et al. (2017)

C4 Negative impact on the ecosystem (aquatic and/or coastal) during the operational
phase of the activity.

Diaz-Sarachaga et al. (2017); K€oksalan and Zionts (2012);
Kumar et al. (2017)

Technological C5 Ease of operation Cambrainha and Fontana (2018); Ilaya-Ayza et al. (2017)
Technical C6 Infrastructure requirements Garfi and Ferrer-Marti (2011)
Social-Political C7 Evaluation/acceptance by the public/end users Garfi and Ferrer-Marti (2011); Scholten et al. (2015)

Table 3
Linguistic rating scale for criteria and alternatives evaluations (Chen et al., 2006;
Cinar and Ahiska, 2010).

Linguistic Rating Criteria Alternatives

n1 n2 n3 n1 n2 n3

Very Good (VG) 0.80 1.00 1.00 8 10 10
Good (G) 0.70 0.80 0.90 7 8 9
Medium Good (MG) 0.50 0.65 0.80 5 6.5 8
Medium (M) 0.40 0.50 0.60 4 5 6
Medium Low (ML) 0.20 0.35 0.50 2 3.5 5
Low (L) 0.10 0.20 0.30 1 2 3
Very Low (VL) 0.00 0.00 0.20 0 0 2

Table 4
Learning parameters of holt-winters.

a b g

0.26121670 0.0295383 039414580

Table 5
Coefficients of holt winters.

Trend Coefficients

Intercept ¼ 90.284 Slope ¼ 0.1994
Month Coefficients
s1 ¼ �2,5161 s7 ¼ 3.1320
s2 ¼ �3.2597 s8 ¼ 6.7604
s3 ¼ �11.2980 s9 ¼ 5.8329
s4 ¼ �3.1539 s10 ¼ 1.5407
s5 ¼ �3.5596 s11 ¼ 0.1994
s6 ¼ 3.3026 s12 ¼ �3.5606

Table 6
Model parameters of S-ARIMA.

ARIMA MODEL: (0,1,1)(0,1,1)[12]

Moving Average 1
(ma1)

Seasonal Moving
Average 1 (sma1)

Coef. Estimate �0.70000 �0.77610

Table 7
Hyperparameters of ANN model.

Autoregressive Terms Hidden Neurons Total Parameters

3 8 57
Decay Maximum Number of Iteration
1E-02 100
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Mean Absolute Percent Error (MAPE) are calculated for these
forecasted periods. Then we apply the same procedure for consid-
ering the first and the second periods together and take their av-
erages. The results of the cross-validation tests are given in Table 8
for hmax ¼ 12 and k ¼ 6. Based on the results in Table 8, we selected
the S-ARIMA model and used it for generating water demand
forecasts of Istanbul for 12 months (Fig. 4).

These short term forecasts of water demand are shared with
academics and experts from public and private sectors during our
data collection stage to provide a better projection for the water
supply problem and to reach a more consistent and realistic solu-
tion to the problem. Experts’ opinions are evaluated using two
distinct MCDM models. The details of this procedure are given in
the next section.
3.2. MCDM models for water supply issue

MCDM studies consist of multiple phases; development of al-
ternatives, determination of criteria, data collection, and data
processing (Fig. 1). In this study, we also complement our analysis
with two respective sensitivity analysis studies. All of these phases
are explained below in the respective subsections.
3.2.1. Development of alternatives
In 1995, Istanbul suffered from a water shortage and various

alternatives are evaluated for providing additional water supply to
the city by several authors (Akgul et al., 2008; Eroglu and Sarıkaya,
1998; Yuksel et al., 2004). Scholars state that it is necessary to
implement "Management Optimization" for efficiency of such a
large water supply and distribution systems. In this study, we
consider the following alternatives, which is an extended version of
the ones considered by Yuksel et al. (2004).

1. Inter-basin water transfer (artificially moving water from any
basin to another by a pipeline or channel)

2. Rainwater harvesting (capturing, storing and reusing rainwater)
3. Greywater (reusing wastewater from baths, sinks and washing

machines) Reuse
4. Desalination (converting seawater or brackish water into fresh

water)
5. Irrigation with reused water (using wastewater for irrigating

gardens, parks, and recreational areas)
Table 8
Results of cross-validation tests.

MAPE MSE RMSE

Holt-Winters 0.0217 5.0809 2.1113
S-ARIMA 0.0192 3.9662 1.8570
ANN 0.3156 10.7222 2.9801
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Various plans are in place to meet the increasing demand for
water in Istanbul, most of which is focused on inter-basin water
transfers from rivers to neighboring drainage basins. Six of the
major drinking water reservoirs and their watersheds, Terkos,
Büyükcekmece, €Omerli, Alibey, Sazlıdere, Elmalı, and Darlık, are
within the municipal boundaries; and the others, the Kazandere
and Papucdere Reservoirs, (the reservoirs of the Istranca Creeks
System), the Yeşilçay and the Melen System, are in nearby water-
sheds. The Melen Watershed has the highest water potential (1.5
billion m3/year) among the others and it provides almost 45% of the
total water resources (Cuceloglu et al., 2017) Therefore, the Melen
project was planned to draw water from the Melen River
(1.19 � 109 m3/year) located at 185 km east of Istanbul in Düzce
province, situated in the Black Sea region. Due to its high water
capacity and comparatively better water quality, water transfer
from Melen Watershed was considered to be the most feasible and
reliable water supply to Istanbul. However, no resource is unlim-
ited, and excess exploitation may have adverse effects on the
environment and natural resources.

Rainwater harvesting and greywater reuse are widely known
applications both for water supply andwater end-use optimization.
Harvested rainwater is usedmainly for irrigation and toilet flushing
(Benham et al., 2016) which can lead to a significant reduction in
municipal water consumption. Rainwater systems require the
implementation of some treatment and filtration before storage as
rainwater is clean as it falls but contaminated by its touchpoint on
the ground.

To evaluate the potential benefit of a rainwater system invest-
ment, precipitation and evaporation rates must be taken into ac-
count. In Istanbul average annual rainfall is (687.5 mm) suitable for
rainwater harvesting (Harmancioglu and Altinbilek, 2020;
Kantaroglu, 2009). In fact, rainwater harvesting has always been a
viable water supply alternative throughout the history as one of the
world’s largest rainwater tanks, Yerebatan Sarayı, was constructed
with a storage capacity of 80,000 m3 of water during the rule of
Caesar Justinian (A.D. 527e565).

The utilization of greywater is a promising alternative resource
in water-stressed areas. Household consumption takes the largest
share of total water demand in Istanbul, which means a consider-
able amount of greywater is produced. Despite the significant and
untapped potential of greywater reuse, the method has not been of
much interest in the city due to additional costs of constructing
separate sewer pipes in new buildings and inconvenience (and
difficulty) of renovation to build extra pipes to old ones. However,
proper treatment and reuse of greywater can reduce the pressure of
increasingwater demandwhilst reducing the cost of water transfer.
The successful implementation of a greywater reuse system can be
a good contribution to developing a sustainablewater management
scheme in the region.

Another viable alternative of drinking water production is to
treat groundwater or seawater as the area is close to the sea (Aydin
and Sarptas, 2020). Only a limited number of studies consider
multiple desalination technologies, with regard to total costs and
environmental effects, for different geographic locations in Turkey
(Aydin and Sarptas, 2020; Aydiner et al., 2017; Hamut et al., 2014).
Akgul et al. (2008) evaluate seawater samples from the Mediter-
ranean Sea, the Marmara Sea, and the Black Sea with respect to
return on capital, operating and total production costs criteria
together with the basic parameters of cost analysis, which are ca-
pacity, recovery, membrane life, energy, chemical costs and flux.
Relying on their results, we include seawater desalination into the
water supply alternatives for Istanbul.

Turkey has started to apply wastewater reuse with the “Notifi-
cation for Wastewater Treatment Plant Technical Procedures” (Nas
et al., 2020). In the seventh chapter of the notification, there are
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regulations concerning wastewater reclamation and reuse. The
chemical quality criteria for treated wastewater to be reused in
irrigation, and the maximum acceptable heavy metal and toxic
element concentrations for irrigation waters were established (Nas
et al., 2020). The use of treated wastewater to irrigate green areas is
called Purple network. Istanbul Pasak€oy wastewater treatment
plant provides reclaimed water for various purposes with a flow
rate of 75,000 m3/day. After the sedimentation tank, treated
wastewater passes through sand filters and then it goes through UV
disinfection. The disinfected effluent is used by tannery industries
in Tuzla and for irrigation purposes.

3.2.2. Development of criteria
In this study, the abovementioned five water management

scenarios are evaluated via seven criteria. For the selection of de-
cision making criteria, we first conducted an extensive literature
review on water management planning. Then, we finalize our
criteria set with one-to-one surveys with the experts from the field.
Our investigations lead us to five criteria classes to analyze water
supply alternatives. In these classes, there are seven decision
making criteria given in Table 2 together with the references from
the literature.

Initial investment and operational costs are common criteria for
the evaluation of any infrastructure investment (Coban et al., 2018;
Fontana et al., 2011; Yilmaz and Harmancioglu, 2010). Negative
impact on the ecosystem might be caused directly by the con-
struction or during the operational phases of the activity. Potential
threats to the environment can include land occupation, waste
production, and ecosystem (aquatic and/or coastal) destruction
(Diaz-Sarachaga et al., 2017; K€oksalan andZionts, 2012; Kumaret al.,
2017). Hence any solution alternative should be assessed with its
damage together with its benefits. Ease of operation is critical for
sustainable and reliable operation of water supply solutions as too
much operational complexity might stimulate a higher rate of hu-
man error in addition to increased maintenance costs and poten-
tially longer failure downtimes (Cambrainha and Fontana, 2018;
Ilaya-Ayza et al., 2017). Infrastructure requirements refer to the
compatibility of a water supply alternative with the existing urban
water management system (Garfi and Ferrer-Marti, 2011). The
requirement of additional infrastructure investment might cripple
the economic feasibility and operational sustainability of a water
supply system. Successful water management requires the evalua-
tion of water issues with both the physical and social aspects. As
community, stakeholder, and agency engagement is essential in
watermanagement, institutions need to develop social and political
recognition and answers to controversies and conflicts (Garfi and
Ferrer-Marti, 2011; Scholten et al., 2015).

Note that some of our criteria include costs whereas others refer
to benefit and public welfare. To address this heterogeneity in our
criteria set, we slightly alter TOPSIS and PROMETHEE methods.
Specifically, we use minimization for costs and maximization for
benefits while finding calculating alternative rankings. Therefore,
the possible negative effects of using conflicting criteria set on our
results are deterred.

3.2.3. Calculation of criteria weights
Once criteria and solution alternatives are developed, data

collection forms (Appendix C), including water demand forecasts in
Section 3.1, are distributed to 9 different experts from academia,
public, and private sectors. Using the collected responses, the suf-
ficiency of the number of experts to be consulted in total is deter-
mined bymeans of Monte Carlo simulations explained in Appendix
B, in which we also provide a mathematical construction of a suf-
ficiency condition to reach a consensus for a given number of
experts.
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In the data collection process, we asked water management
experts to evaluate the importance of criteria and alternatives
qualitatively by selecting a linguistic rating from the set of LR ¼
ðvery high ; high; medium high; medium; medium low; low;

very lowÞ. These linguistic ratings are used to calculate criteria
weights and alternative ranking scores.

Criteria weights are obtained with the F-TOPSIS method using
the criteria set in Table 2. Specifically, we calculate the parameters
of a triangular distribution for fuzzification. These fuzzy parameters
are used as criteria weights to calculate the importance score of
each alternative in both MCDM methods. Different methods, e.g.
AHP, Full Consistency Method (FUCOM), Best Worst Method
(BWM), are suggested for criteria weight calculation in the litera-
ture. It is recognized that AHP can require too much data with
pairwise comparisons especially when it is combined with Fuzzy
sets (€Onüt et al., 2010). FUCOM is reported to bemore advantageous
compared to BWM and AHP (Mukhametzyanov and Pamucar,
2018). Our method differs from the literature with respect to the
required amount of data as it processes linguistic rankings instead
of pairwise comparisons to calculate criteria weights. Details of our
criteria weight calculations are given in Appendix D (Step1-3).

In the following subsections, we provide a summary F-TOPSIS
and F-PROMETHEE used for the importance score of each alterna-
tive. Detailed mathematical notation and formulations are given in
Appendix D.

3.2.4. Fuzzy TOPSIS
F-TOPSIS starts with the transformation of linguistic ratings for

each criterion into the parameters of the triangular distribution
from Table 3 (Chen et al., 2006). These distribution parameters are
generalized to overall ratings for each criterion. The calculated
values of these generalized distribution parameters are given in
Table 9. Similarly, experts’ evaluations for each alternative with
respect to each criterion are transformed into numeric values using
Table 3. The weighted average of these distribution parameters is
calculated and normalized using calculated criteria weights. These
normalized parameters are utilized to obtain the best and theworst
ideal solutions from which each alternative’s distances are calcu-
lated. These distances are used to calculate closeness coefficients
leading to preference rankings.

3.2.5. Fuzzy PROMETHEE
F-PROMETHEE starts with taking the expectation of triangular

distribution for each evaluationwhich we call defuzzification. Then
the preference values of each alternative pair with respect to each
criterion are calculated assuming a Gaussian preference function
for each criterion. This Gaussian preference function maps the
difference between alternatives to [0,1] interval and leads to the
preference values (Behzadian et al., 2010; Dagdeviren, 2008).
Importantly, in the Gaussian preference function we utilize
maximum in the exponent for positive criteria, e.g. C5 and C7: Next,
we calculate a global preference index by taking the weighted
average of each preference value using the criteria weights, which
Table 9
Criteria weights obtained from F-TOPSIS.

Criteria

Initial investment cost
Operation and Maintenance Cost
Negative impact on the environment during the construction and operation of the act
Negative impact on the ecosystem (aquatic and/or shore) during the operational phas
Ease of operation
Infrastructure requirements
Evaluation/acceptance by the public/end users
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are the expectation of the triangular distribution of each criteria
evaluation in F-TOPSIS. The last two steps of F-PROMETHEE is the
calculation of positive and negative ranking flows, whose differ-
ence leads to the net outranking flow that leads to the preference
rankings (Dagdeviren, 2008, Eq. 8). Positive and negative ranking
flows are denoted with 4þ and 4� whereas the net outranking flow
is given with 4 in Table 10.
3.2.6. GAIA plane
In the PROMETHEE method, relative positions of criteria and

alternatives can be expressed in an |A|-dimensional spacewhere |A|
represents the number of alternatives. To express all alternatives
and criteria in a two-dimensional space we form a criteria-
alternative matrix which consists of the average differences of
the preferences values. Applying Principal Component Analysis
(PCA), which relies on eigenvalue decomposition, on this matrix
allows expression of the information in column vectors (criteria
vectors) in smaller dimensions. Specifically, we consider the first
two columns of PCA output to obtain the GAIA plane. Importantly,
l1þl2PjJj

i
li
ratio conveys the amount of variability explained by the first

two columns of the output of PCA, where li is the i-th eigenvalue of
the criteria-alternative matrix and jJj stands for the total amount of
criteria. The resulting GAIA plane that we obtain using our dataset
is given in Fig. 5. For further details of the visualization method and
PCA refer to Hayez et al. (2009).

Furthermore, a slightly modified version of this procedure is
applied to obtain another GAIA plane depicting the consensus be-
tween experts. Details of this procedure is given in Appendix D. The
GAIA plane indicating the extent of consensus between experts is
presented in Fig. 6.
3.3. Sensitivity analysis

In this study, we collect evaluations of 9 experts to obtain a
ranking of solution alternatives. Based on this data set, we conduct
two different sensitivity analysis on the results of our MCDM
methods. First, we add some perturbations to experts’ evaluations
and measure the sufficient number of experts to reach a consensus
on the results. We find that the required number of experts is
moderately sensitive to the variations in experts’ evaluations for
obtaining a consensus on the results. Our literature review in-
dicates that the size of the expert group changes significantly
among different studies in the literature and there is no well-
constructed measure for the sufficient number of experts
required to reach a consensus. Second, we add white noise to ex-
perts’ evaluations in a controlled experimental setup, as suggested
by Mukhametzyanov and Pamucar (2018). In these simulations, we
find that the alternative rankings are fairly insensitive to variations
in experts’ evaluations. Also, we find that among the two MCDM
methods, F-TOPSIS generates more robust solutions compared to F-
PROMETHEE.
Code Lower Bound (C1j) Mode (C2j) Upper Bound (C3j)

C1 0.70 0.91 1.00
C2 0.70 0.91 1.00

ivity C3 0.20 0.86 1.00
e of the activity. C4 0.10 0.79 1.00

C5 0.10 0.67 1.00
C6 0.20 0.78 1.00
C7 0.10 0.54 1.00



Table 10
Results of F-TOPSIS and F-PROMETHEE for alternatives.

F-TOPSIS F-PROMETHEE

Description Code d* d� Score (CCI) Ranking 4þ 4� 4 Ranking

Inter-basin water transfer A1 5.13 3.60 0.413 4 0.865 1.555 �0.690 4
Rainwater harvesting A2 4.79 3.85 0.446 3 1.539 0.361 1.178 2
Greywater Reuse A3 4.71 4.36 0.481 1 1.796 0.242 1.554 1
Desalination A4 5.38 2.98 0.356 5 0.523 2.650 �2.126 5
Irrigation with reused water A5 4.80 4.02 0.456 2 1.089 0.700 0.389 3

Fig. 5. Gaia plane for the results of PROMETHEE

Fig. 6. Gaia plane for experts’ consensus.
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4. Results and discussion

4.1. Forecasting water demand of Istanbul

To forecast thewater consumption of Istanbul for 12months, we
consider Holt-Winters, S-ARIMA, and feedforward ANN. The esti-
mated learning parameters of Holt-Winters, denoted by a; band g,
are given in Table 4. These learning rates are utilized to estimate the
intercept and the slope of the trend component; and the seasonal
coefficients given in Table 5. These parameters indicate that every
year between June and November water demand grows signifi-
cantly due to increasing temperature levels in the region. Also, the
positive slope (Table 5) indicates an increasing trend in water de-
mand, after the removal of seasonality, over the years. Further
analysis on Holt-Winters parameter estimation reveals that the
growth rate of water consumption has been slowing down for the
last 10 years whichmight be an indication for the city’s approach to
its limits of growth. The limits of urban growth due to various
reasons are discussed by Kelley and Williamson (1982) and
Meadows et al. (1972).

For the S-ARIMA model, we set the seasonality period to 12 in
auto.arima routine in R. As a result of the increasing trend, the
software includes integration terms to the model (Table 6). In
addition, the exclusion of the autoregressive terms indicates the
lack of significant autoregression when seasonality is removed
from the data.

ANN is the third model considered to forecast water consump-
tion in Istanbul. An extensive search in the hyperparameter space
yields that the best-performingmodel structure includes 8 neurons
within a single hidden layer (Table 7). This model includes three
autoregressive terms, month and year as input variables and con-
sists of 57 wt given in Table A.1. Also, the best decay rate and the
maximum number of the iteration are 0.01 and 100.

The three forecasting models are compared to each other in our
5-fold cross-validation test. Our results in Table 8 indicate that the
S-ARIMA model performs the best for this dataset compared to
ANN and additive Holt-Winters models. Forecasts of the S-ARIMA
model are found to be pretty accurate with a 1.9% absolute error
rate on average. Holt-Winters is found to be the second-best
whereas ANN has the worst performance. This result is partly
consistent with the literature as it is stated that ANN models may
fail to address datasets with strong autocorrelation and seasonality
(Ghatak, 2017).

Using the S-ARIMA model we forecast water consumption of
Istanbul for 12 months with a 95% prediction interval. In Fig. 4, the
mean water demand forecast is given by a bold blue line whereas
the prediction interval is provided with the shaded area around the
mean. Our predictions indicate that water consumption of Istanbul
may rise up to 100,000m3 during the summer season and it will be
between 64,000 and 78,000 m3in February with a 95% probability.



B. Savun-Hekimo�glu, B. Erbay, M. Hekimo�glu et al. Journal of Cleaner Production 287 (2021) 125080
4.2. Evaluation of water supply alternatives

The projected water consumption is shared with experts to
indicate the importance of water management issues in Istanbul.
Expert opinion on different solutions for water issues is evaluated
using two distinct MCDM techniques.

Experts of the study have an implicit agreement on the impor-
tance of initial investment and operational costs criteria whereas
weights assigned to other criteria have larger variances. Particu-
larly, we find that expert opinion varies significantly for the
importance of C7, which is about the public opinion and
acceptance.

Results of MCDMmodels are given in Table 10. For both models,
greywater reuse is found to be the best alternative among others
due to its cost advantage and implementability. Similarly, desali-
nation is the least attractive alternative for both models, partly due
to its high initial investment and operating costs as well as low
applicability. The main difference between the two alternatives is
the rank of A2, irrigation with reused water. F-TOPSIS suggests this
alternative in rank four whereas it is the second-best option ac-
cording to the results of F-PROMETHEE. This stems from the
methodological difference between F-TOPSIS and F-PROMETHEE.

Results of PROMETHEE are expressed in the GAIA plane in Fig. 5.
The proximity of greywater reuse (A3) and rainwater harvesting
(A2) to the decision stick (bold red line), which is a weighted
average of different criteria, Ci; i ¼ 1;2;…; 7, explains why they are
the best two alternatives among others. Similarly, inter-basinwater
transfer (A1) and desalination (A4) have the largest distance to the
decision stick which is consistent with the fact they are the least
favorable ones in Table 10. Fig. 5 also indicates the similarity of
alternatives from the perspectives of stakeholders and experts
consulted in the study. Negative impact on the environment (C3)
and negative impact on ecosystem (C4) are found to be close to
each other (Fig. 5) in the evaluations of experts while investment
cost (C1), operational costs (C2) and as infrastructure requirements
(C6) are found to be similar in our results. Public acceptance by end-
users is found to be the most different criteria by our experts. These
results indicate the consistency of the expert evaluations used in
the study. As discussed in Section 3.2.5, the GAIA plane is con-
structed using the first two primary axes from the Principal
Component Analysis (PCA) on a (5� 7) matrix F ¼ ½41;42;…; 47�,
where 4j is the net flow vector of the criterion j. The ratio of ei-
genvalues shows that the GAIA plane (Fig. 5) explains 87.3% of the
total variance in the expert judgements.

Furthermore, using the PROMETHEE analysis for each expert
evaluation, we formed a (5� 9) matrix F ¼ ½~41; ~42;…; ~49�; where
~4i is the netflow vector for expert i: By using PCA on this matrix, we
obtained a GAIA plane (Fig. 6) summarizing experts’ opinion in the
data. Results indicate that E2 and E7 (Expert 2 and Expert 7) have
similar perspectives on the water supply issue of Istanbul with
respect to our decision making criteria. Similarly, E1, E5, E6, E9, E3,
and E8 have similar evaluations on the alternatives. Interestingly
E4, which is an academic in a higher education institute on water
management, gives responses very close to the group consensus
(blue line in Fig. 6), which is the final netflow vector (Column 4 in
Table 10). These results indicate that our study is successful in
combining the opinions of experts and stakeholders with different
perspectives on the water supply issue of Istanbul.
5. Conclusion

Making an informed decision among different alternatives of
water supply and demand management approaches requires an
evaluation with objective (and quantitative) methods with respect
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to qualitative and quantitative, possibly conflicting criteria such as
environmental friendliness, public acceptance and cost. Such de-
cision making problems are difficult not only because a large va-
riety of stakeholders with different perspectives are affected by the
outcomes, also consequences of inadequate decisions might be
very costly and unpleasant for the entire community.

In this study, we consider a water management issue for Istan-
bul, a large metropolitan city has been experiencing a rapid pop-
ulation increase (with an annual growth rate of 3.45%) for the last
50 years. Such a high rate of population growth leads to significant
infrastructure problems threatening the water supply of the city in
the near future. To address the risk of water supply issues, we first
conduct a forecasting study indicating the growing water demand
of the city together with its seasonal cycles due to different reasons.
These demand forecasts are shared with water management ex-
perts and different stakeholders who are asked to provide their
evaluations of various solution alternatives with respect tomultiple
criteria. For the analysis of the collected data, we employed two
different MCDM models, F-TOPSIS and F-PROMETHEE, to evaluate
five alternative solutions with respect to seven distinct criteria by
addressing randomness in input data due to subjective judgements
and potential misunderstandings in the data collection process.

Sustainable water supply with internationally accepted quality
standards is a big challenge for Istanbul where water demand is
increasingly difficult to be met under the pressure of population
growth. Current infrastructure and management practices indicate
that the city has applied water supply management for centuries
with its large-scale inter-basin water transfer projects and it has a
strong potential to facewater scarcity in the future especially due to
the increasing pressure of climate change and rapid urbanization.
Therefore, the city needs to adopt demand management and reuse
management policies as soon as possible, as both policies take time
to achieve their full potentials.

Our analysis reveals that the two alternatives of reuse man-
agement, reuse of greywater and irrigation with reclaimed, treated
water, are the most preferred whereas the two alternatives of water
supply management, inter-basin water transfer and desalination,
are the least attractive solutions for the city. Especially inter-basin
water transfer has been applied as a part of large-scale construc-
tion projects (Section 2.1), which we think due to political reasons
in addition to lack of awareness of the potential of reuse manage-
ment. On the other hand, our results indicate that there exists a
consensus among experts from academia, public and private sec-
tors for a required shift of focus towards water demand manage-
ment instead of water transfer projects increasing in numbers and
sizes (new reservoirs or inter-basin water transfer). We conjecture
that this awareness can be attributed to the efforts and initiatives of
non-profit institutes and inter-governmental organizations such as
European Union’s strategic plan for reuse of greywater and irriga-
tion of green areas with water from treatment plants. Also, we find
evidence that stakeholders of water management decisions in the
city are cognizant of increasing costs and environmental bargain of
sustained application of water supply management. Although this
indicates a promising change in perception, the city still has a long
way to go to achieve significant positive effects of reuse manage-
ment on virgin water resources of the city. To the best of our
knowledge, ours is the first MCDM study on water management in
Istanbul despite it has been one of the biggest cities of Europe and
challenged by chronic water supply issues for centuries.

In addition, we conduct sensitivity simulations and conclude
that the number of experts in the study are sufficient for reaching a
consensus, for which a mathematical characterization is provided.
Further analysis of consensus on water supply alternatives reveals
that their perspectives are independent of their sectors and
consistent with each other. This consistency is examined with a
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graphical representation of expert opinions in a two-dimensional
plane, which is another methodological contribution of this
study, and confirmed by respective MCDM analyses on the data.
Also, we analyze sensitivity of alternative rankings to variations in
experts’ evaluations. Our results indicate that rankings are insen-
sitive to perturbations in experts’ evaluations. F-TOPSIS generate
more stable results compared to F-PROMETHEE.

This study relies on the empirical analysis of quantitative and
qualitative data for the evaluation of different alternatives with
respect to multiple, conflicting criteria. Although we explicitly
conduct simulations, and detect significant evidence for the suffi-
ciency of the number of experts and the existence of a consensus on
the subject matter, we admit that our qualitative data are subjective
to some extent. To circumvent, more research with a different set of
experts and various analysis approaches are required. Furthermore,
we combine short-term water demand forecasting with MCDM
analysis to evaluate the water supply alternatives for Istanbul. Our
method does not address the isolated effect of forecasting on ex-
perts’ evaluations as we do not include a control group of experts
whom we do not share forecasts. This constitutes another limita-
tion which is left to future research.

For future research, we aim to extend our analysis with ques-
tionnaires that will be applied to a large number of citizens to
evaluate their perceptions on the problem when it is explained
without technical details. Also, we are interested in combining
water supply simulations with MCDM methods and measure the
impact of water supply projections on experts’ opinions by using a
control group.
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