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Effective watershed management requires the evaluation of agricultural best management practice
(BMP) scenarios which carefully consider the relevant environmental, economic, and social criteria
involved. In the Multiple Criteria Decision-Making (MCDM) process, scenarios are ﬁrst evaluated and
then ranked to determine the most desirable outcome for the particular watershed. The main challenge
of this process is the accurate identiﬁcation of the best solution for the watershed in question, despite the
various risk attitudes presented by the associated decision-makers (DMs). This paper introduces a novel
approach for implementation of the MCDM process based on a comparative neutral risk/risk-based
decision analysis, which results in the selection of the most desirable scenario for use in the entire
watershed. At the sub-basin level, each scenario includes multiple BMPs with scores that have been
calculated using the criteria derived from two cases of neutral risk and risk-based decision-making. The
simple additive weighting (SAW) operator is applied for use in neutral risk decision-making, while the
ordered weighted averaging (OWA) and induced OWA (IOWA) operators are effective for risk-based
decision-making. At the watershed level, the BMP scores of the sub-basins are aggregated to calculate
each scenarios’ combined goodness measurements; the most desirable scenario for the entire watershed
is then selected based on the combined goodness measurements. Our ﬁnal results illustrate the type of
operator and risk attitudes needed to satisfy the relevant criteria within the number of sub-basins, and
how they ultimately affect the ﬁnal ranking of the given scenarios. The methodology proposed here has
been successfully applied to the Honeyoey Creek-Pine Creek watershed in Michigan, USA to evaluate
various BMP scenarios and determine the best solution for both the stakeholders and the overall stream
health.
© 2015 Elsevier Ltd. All rights reserved.
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1. Introduction
Pollutants have had an increasingly harmful effect on the
planet's water quality. Nonpoint sources of pollution, such as

* Corresponding author. Farrall Agriculture Engineering Hall, 524 S. Shaw Lane,
Room 225, East Lansing, MI, 48824-1323, USA.
E-mail addresses: re_ja268@stu.um.ac.ir (R. Javidi Sabbaghian), mzarghami@
tabrizu.ac.ir (M. Zarghami), pouyan@msu.edu (A.P. Nejadhashemi), mbsharif@um.
ac.ir (M.B. Shariﬁ).
http://dx.doi.org/10.1016/j.jenvman.2015.11.038
0301-4797/© 2015 Elsevier Ltd. All rights reserved.

sediment and nutrients generated from agricultural activities, have
proven particularly harmful, and have been detected in innumerable rivers and lakes (USEPA, 2005). The implementation of best
management practice (BMP) scenarios on agricultural lands has
been suggested as an effective method for improving water quality
(Giri et al., 2012); each agricultural BMP scenario consists of a
combination of BMPs applied to each watershed's agricultural subbasins. Effective watershed management requires that each scenario be scored and ranked to determine the most favorable scenario for the watershed as a whole; according to the relevant
literature, Multiple Criteria Decision-Making (MCDM) is one of the
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most effective means of achieving this objective (Zarghami, 2011).
Using a priority function created using the Analytical Hierarchy
Process (AHP), Reynolds and Peets (2001) prioritized eight different
US watersheds and 85 reaches for protection and restoration.
Young et al. (2009) used the AHP method for ranking scenarios to
reduce pollutant loadings from a small area based on the pair-wise
comparison of criteria and scenarios with respect to each criterion.
Calizaya et al. (2010) applied the AHP to identify a sustainable water
resource management plan for the Lake Poopo basin in Bolivia, and
Garﬁ et al. (2011) used the AHP method to improve the strategic
environmental assessment of water programs in developing
countries. Giri et al. (2012) evaluated several targeting methods for
development of a plan for the Saginaw River Watershed (Michigan,
US) primarily focused on the following three environmental
criteria: sediment, total nitrogen, and total phosphorus. Giri and
Nejadhashemi (2014) used the AHP method to develop BMPs for
agricultural lands within a particular Michigan watershed. They
successfully evaluated the cost of pollution reduction strategies and
identiﬁed the optimal scenario for managing the social, economic,
and environmental demands of the area.
The MCDM process is normally analyzed via a decision matrix
containing a set of feasible scenarios and a ﬁnite set of criteria (Yue,
2011), and determines the most desirable solution by incorporating
the opinions of multiple decision-makers (DMs)/beneﬁciaries
regarding the decision-making criteria for each scenario. However,
due to increasing complexities within the environmental and socioeconomic criteria, the evaluation of watershed scenarios has
become progressively more challenging (Giri and Nejadhashemi,
2014). Further, DM risk attitudes (both optimistic and pessimistic
viewpoints) also affect the ﬁnal scoring and ranking of scenarios in
watershed management problems (Mianabadi et al., 2014). Therefore, it is essential to utilize a robust MCDM methodology incorporating risk assessment and its effects on the selection of the most
desirable BMP scenario for any given watershed implementation
plan.
Many methods have been developed for solving MCDM problems (Mendoza and Martins, 2006; Wang et al., 2009; Linkov and
Steevens, 2013). The most commonly used techniques include
scoring methods (Bonissone, 1982; Hajkowicz and Collins, 2007;
Emrouznejad and Marra, 2014), distance-based methods (Zeleny,
1973; Hwang and Yoon, 1981; Zarghami and Szidarovszky, 2010),
outranking methods (Szidarovszky et al., 1986; Papadopoulos and
Karagiannidis, 2008), and pair-wise comparison methods (Saaty,
1980; Phua and Minowa, 2005). The principal differences between these methods consist of their varied strategies for solving
MCDM problems. The Simple Additive Weighting (SAW) operator is
typically applied as a classical scoring method to decision-making
problems, since it bases its weighting of scenarios on the designated criteria of importance. Yager (1988) improved upon this
method with the ordered weighted averaging (OWA) operator,
which analyzes risk assessment in decision-making problems according to the order of the weights. Yager and Filev (1999) later
modiﬁed the OWA operator to create the induced OWA (IOWA)
operator, which considers both the criteria of importance and order
weights in its evaluation of risk assessment.
Although previous studies have considered many different
criteria in determining the best solution for watershed management, none considered the risk attitudes of the relevant decisionmakers. In this paper we introduce a novel risk-based MCDM
approach which analyzes the decision-making process at both the
sub-basin and watershed levels. We will evaluate the BMPs in each
sub-basin with respect to the designated criteria of importance, and
then calculate the BMP scores using the OWA and IOWA risk-based
operators. We will also evaluate the best scenarios for the entire
watershed with respect to its sub-basins, aggregating the BMP
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scores to calculate the combined goodness measurements of the
scenarios using the OWA and IOWA risk-based operators, thus
determining the ﬁnal ranking of scenarios for the entire watershed.
The SAW neutral risk operator will also be used for scoring the BMP
scenarios, thereby enabling us to compare the results associated
with risk-based decision-making. Additionally, the OWA and IOWA
operators will be applied to compare the results in two cases
involving the consideration and inconsideration of the criteria of
importance.
2. Materials and methods
2.1. Study areas
We conducted our risk-based management study on the Honeyoey Creek-Pine Creek Watershed, which is part of the Saginaw
River Watershed located in east-central Michigan (Fig. 1). The
mean, minimum, and maximum watershed elevations above sea
level are 242 m, 177 m, and 457 m, respectively. The watershed
covers a total area of 106,131 ha, with agricultural land covering
52% of the watershed, while forest, wetland, and pasture make up
the remainder. This watershed was selected due to its designation
as an “Area of Concern” by the US Environmental Protection
Agency, which has identiﬁed high amounts of soil erosion, excessive nutrients (nitrogen and phosphorus), and contaminated sediments (EPA, 2013) in the region.
To mitigate the degradation occurring within the watershed,
BMP scenarios were applied to local agricultural land (Fig. 1), which
is the primary cause of sediment generation in the watershed. The
BMPs were selected based on recommendations from Michigan's
Natural Resources Conservation Service (NRCS), and each consisted
of a combination of BMPs utilized within the 185 local sub-basins.
These BMPs included no management or base management (BM),
no-till (NT), native grass (NG), cover crop (CC), residue management (RM), and forest (F) (Herman et al., 2015).
Stream health was the main criterion for comparing the effectiveness of the BMP implementation scenarios. Stream health is
evaluated using the Index of Biotic Integrity (IBI), which is a scientiﬁc method used to assess water quality based on the health of
the ﬁsh communities living within the designated streams. The IBI
takes into account abundance, species richness, and functional
feeding group metrics that describe each stream's ﬁsh communities
(Karr, 1981). Fish are commonly chosen for this type of assessment
because their mobility within the watershed provides a valuable
analysis of local stream conditions (Karr, 1981). Unfortunately,
evaluating the impact of all possible BMP scenarios by utilizing all
conceivable combinations of BMPs is infeasible, since we are
dealing with 6185 z 10144 potential BMP implementation scenarios.
Therefore, we substituted a genetic algorithm to determine the
placement of BMPs within the watershed, while successfully
maximizing stream health (Herman et al., 2015). This genetic algorithm utilized several steps to maximize the overall stream
health of the watershed, including evaluating the stream health of a
set of possible BMP scenarios, identifying the best performing BMP
scenarios from that set, building a new set of possible BMP scenarios based on the previous top scenarios, and then evaluating the
new stream health scores. This process was repeated one hundred
and eighty-two times in order to test eighteen thousand two
hundred BMP scenarios, before eight unique BMP scenarios
converged to a single maximum stream health score (Herman et al.,
2015). The top eight stream health-based BMP scenarios were then
selected, and are presented in Fig. 2.
In our study, the three major criteria chosen to deﬁne the best
overall scenario were stream health scores, farmers' social preferences, and BMP installation costs. To illustrate social preferences,
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Fig. 1. Location of the 185 agricultural subbasins within the Honeyoey Watershed (Subbasin No. 44, selected as the example of subbasins calculations, highlighted in yellow). (For
interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)

the BMP application area was designated a social component (Giri
and Nejadhashemi, 2014), with the farmers' preferences regarding
each BMP presented in Table S1 (see Supplementary Materials). The
BMP installation costs were obtained from Michigan's NRCS Typical
Statewide Average Practice Costs for 2014 (NRCS, 2014). Ultimately,
the most desirable BMP scenario selected for the entire watershed
involved the two cases of neutral risk and risk-based decisionmaking. The neutral risk and risk-based decision-making processes
were analyzed at both the sub-basin and watershed levels. At the
sub-basin level, the ﬁrst step of risk analysis was completed for all
185 sub-basins based on satisfaction of the relevant criteria. In this
step, the BMPs of the scenarios were evaluated with respect to the
criteria for each sub-basin, and the BMP scores were then calculated. At the watershed level, the second step of risk analysis was
implemented based on the number of sub-basins featuring satisfaction of the designated criteria. In this step, the BMP scores
associated with the ﬁrst step of risk analysis were aggregated to
determine the combined goodness measurements of the various
scenarios, which then allowed us to select the best scenario for the
greatest number of risk attitudes involved in the decision-making
process.
2.2. The proposed ﬂow diagram
Our proposed risk-based MCDM ﬂow diagram for effective
watershed management, including the two decision-making levels
and algorithmic steps, is presented in Fig. 3. The ﬁrst level is
associated with the decision-making process for sub-basins, while
the second encompasses the entire watershed. The key steps
consist of the recognition and deﬁnition of the scenarios and their
criteria, the evaluation of the scenarios with respect to these
criteria, determination of the criteria weights, aggregation of the
two cases of neutral risk and risk-based decision analysis at the
sub-basin and watershed levels, and the ﬁnal selection of the best
scenario for the entire watershed.

2.3. Decision matrix formation
The set of BMPs associated with the scenarios for each sub-basin
are analyzed with respect to the predeﬁned criteria in a given decision matrix. For convenience's sake, we allow N ¼ f1; 2; …; ng,
M ¼ f1; 2; …; mg and T ¼ f1; 2; …; tg; i2N, j2M and k2T. Let
C ¼ fC1 ; C2 ; …; Cn g
be
a
ﬁnite
set
of
n
criteria;
ðkÞ

ðkÞ

ðkÞ

BMP ðkÞ ¼ fBMP1 ; BMP2 ; …; BMPm g when ðm  2Þ is a discrete set
of m-feasible BMPs relevant to the m scenarios in the kth sub-basin;
Sc: ¼ fSc:1 ; Sc:2 ; …; Sc:m g is a set of m scenarios; and
Sub: ¼ fSub:1 ; Sub:2 ; …; Sub:t g is a set of t sub-basins. We also asðkÞ

ðkÞ

ðkÞ

sume that wðkÞ ¼ fw1 ; w2 ; …; wn g is the criteria weight vector
P
ðkÞ
ðkÞ
for the kth sub-basin, where wi  0; ni¼1 wi ¼ 1.
The set of selective scenarios and their relevant criteria are
deﬁned in Step 1. In Step 2, the decision matrix presented in
Table S2 (see Supplementary Materials) is formed for each subðkÞ
basin. In this matrix, aij represents the evaluation value of the
BMPs relevant to the jth scenario, with respect to the ith criterion in
the kth sub-basin. Depending on the type of criteria involved, the
evaluation values can be numerical, fuzzy, or linguistic.
In Step 3, the linguistic values are fuzziﬁed to make them
quantiﬁable. One of the most applicable fuzziﬁcation methods for
such cases is the use of triangular fuzzy membership functions
(Herrera et al., 1996). We have utilized some members of the sevenmember linguistic set of S ¼ {Unfavorable, Least favorable, Little
favorable, Moderately favorable, More favorable, Most favorable,
Favorable} for our study. After fuzziﬁcation, the fuzziﬁed values of
the decision matrix in each sub-basin are defuzziﬁed using the
^i,
centroid method for defuzzifying fuzziﬁed evaluation values (Zeka
2010). Table S3 (see Supplementary Materials) provides the linguistic variables, their relevant trapezoidal fuzzy numbers, and
their defuzziﬁed values.
In Step 4, the defuzziﬁed evaluation values are normalized to
remove the effects caused by the sheer magnitude of the data, and
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Fig. 2. The ﬁnal selective BMP scenarios for the entire watershed (Adapted from Herman et al., 2015) Scenarios 1 through 8 and labeled as (a) through (h), respectively.
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Fig. 3. The proposed risk-based MCDM ﬂow diagram for effective watershed management.

R. Javidi Sabbaghian et al. / Journal of Environmental Management 168 (2016) 260e272

to homogenize the decision matrices of the sub-basins (Shih et al.,
2007). We used the linear normalization method, which is normally applicable to MCDM methodologies, as both the positive and
negative criteria, such that (Yoon and Hwang, 1995; Milani et al.,
2005):
ðkÞ

ðkÞ

aij ¼

aij

ðkÞ*

ðkÞ*
ai

; where ai

n
o
ðkÞ
for i ¼ 1; 2; …; n; j
¼ maxi aij

¼ 1; 2; …; m; k ¼ 1; 2; …; t
ðkÞ
aij

ðkÞ

¼

ai

ðkÞ

aij

; where

ðkÞ
ai

¼

(1)
n

ðkÞ
mini aij

o

for i ¼ 1; 2; …; n; j

ðkÞ

(2)
ðkÞ

Where aij is the normalized evaluation value of aij .
2.4. Determination of criteria weights
Determination of the various criteria of importance is a critical
step in the formulation of MCDM problems (Yu and Lai, 2011).
There are several objective (Pomerol and Romero, 2000; Yu and Lai,
2011) and subjective methods (Aras et al., 2004; Chatzimouratidis
and Pilavachi, 2009) available for determining criteria weights.
One of the most frequently used objective approaches is entropy,
which is based on the dispersion of a speciﬁc criterion within
scenario evaluations (Singh et al., 2007). In Step 5, the entropy
method is used to calculate the criteria weights for each sub-basin,
and includes the following steps (Singh et al., 2007):
(a) Calculate the entropy for each criterion, as follows:
ðkÞ

Ei

¼ K

ðkÞ



ðkÞ

aij $log aij

making, and the OWA and IOWA operators for risk-based decision-making. In neutral risk decision-making, the SAW operator
calculates the BMP scores for each sub-basin based on the criteria
of importance, without consideration for the potential risks.
Therefore, in accordance with Step 6, we used the SAW operator
with Eq. (6) to calculate the BMP scores, as follows (Duckstein
et al., 1994):
n

 X
ðkÞ
ðkÞ ðkÞ
¼
FSAW BMPj
wi $aij

FSAW ðBMPj Þ is the BMP score associated with the jth scenario in
the kth sub-basin, based on the SAW operator.
We applied the ﬁrst risk analysis step in our test case of riskbased decision-making at the sub-basin level. In this step, the
most relevant risk attitudes of decision-making, including the fully
pessimistic (absolutely risk-averse) and fully optimistic (absolutely
risk-prone) viewpoints were analyzed during the MCDM process.
The risk attitudes were expressed by linguistic statements such as:
“choose the best scenario based on satisfaction of all three criteria”
in the fully pessimistic viewpoint, or: “select the best scenario
based on satisfaction of at least one of the three criteria” in the fully
optimistic viewpoint. At this decision-making level, the two riskbased OWA and IOWA operators were used to analyze the ﬁrst
step. The OWA approach is an aggregation operator which considers the pessimism/optimism degree of decision-making, and
takes into account the effects of the DMs’ different risk attitudes
(Mianabadi et al., 2014). This operator calculates the BMP scores for
each sub-basin based on the order weights, without consideration
of the criteria of importance. An n-dimensional OWA operator is
presented in Eq. (7) (Yager, 1988):
n


n
o X
ðkÞ
ðkÞ ðkÞ
ðkÞ
ðkÞ
¼ FOWA a1j ; a2j ; …; anj ¼
FOWA BMPj
ui $bij



(3)
ðkÞ

where K is a constant value that can be represented by1=logðnÞ , n is
ðkÞ

the number of criteria, m is the number of BMPs, and Ei is the
entropy value relevant to the ith criterion of the kth sub-basin.
(b) Compute the dispersion value for each criterion, as follows:
ðkÞ

ðkÞ

¼ 1  Ei

(4)

ðkÞ

where 4i is the dispersion value relevant to the ith criterion of the
kth sub-basin.
(c) Determine the weight of each criterion for each sub-basin,
such that:
ðkÞ

wi

ðkÞ

¼P

4i

n
i¼1

ðkÞ

where wi

(7)

i¼1

j¼1

4i

(6)

i¼1
ðkÞ

¼ 1; 2; …; m; k ¼ 1; 2; …; t

m
X
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ðkÞ

4i

(5)

is the weight of the ith criterion in the kth sub-basin.

2.5. Decision-making process at the sub-basin level
BMP scores can be calculated once the normalized decision
matrix has been created for each sub-basin and the criteria
weights have been determined. In the decision-making process at
the sub-basin level, two cases of neutral risk and risk-based decision-making are proposed to conduct the sensitivity analysis of
the results. The SAW operator is applied in neutral risk decision-

where FOWA ðBMPj Þ is the BMP score associated with the jth scenario in the kth sub-basin, based on the OWA operator,
ðkÞ

ðkÞ

ðkÞ

andfa1j ; a2j ; …; anj g are the normalized evaluation values of the
jth BMP for the kth sub-basin. u ¼ ðu1 ; u2 ; …; un Þ is the order weight
vector of the OWA operator associated with the n criteria, with
P
ðkÞ
ui 2½0; 1 for all i, ni¼1 ui ¼ 1, and bij denotes the ith largest
ðkÞ

ðkÞ

ðkÞ

element in the input set of fa1j ; a2j ; …; anj g.
According to Step 7, to successfully use Eq. (7), the order weight
vector of u ¼ ðu1 ; u2 ; …; un Þ must ﬁrst be determined based on the
risk attitudes relevant to the satisfaction of the largest number of
criteria. An important property of the OWA operator, the order
weights depend upon an optimism degree of q, which describes the
risk acceptance level involved in the decision-making process
(Yager, 2002; Malczewski and Rinner, 2005; Liu and Han, 2008).
The greater the order weights are at the beginning of the vector, the
more optimistic are the DMs’ viewpoints, and vice versa. Table S4
(see Supplementary Materials) presents several risk attitudes,
their equivalent linguistic statements, and the relevant values of
the optimism degree of q.
There are several methods for determining the OWA operator's
order weights (Liu, 2011): one frequently used approach calculates
the order weights using fuzzy linguistic quantiﬁers. In this fuzzybased method ﬁrst introduced by Yager (1988), the order weights
are calculated via:

ui ¼ Q



 
i
i1
Q
; i ¼ 1; 2; …; n
n
n

(8)
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where Q is the linguistic quantiﬁer function and n is the number of
criteria based on the linguistic quantiﬁers introduced by Zadeh
(1983). One of the most widely used fuzzy linguistic quantiﬁers is
the regular increasing monotonic (RIM) quantiﬁer, which is introduced by Q ðrÞ ¼ r g, and whose parameter is g < 0. Yager (1996)
calculated the parameter g based on a optimism degrees of q, using the formulag ¼ ð1=qÞ  1. By combining g ¼ ð1=qÞ  1 and
Q ðrÞ ¼ r g with Eqs. (7) and (8), the ﬁnal BMP scores for each subbasin can then be calculated according to Step 7-1 (Fig. 3), as
follows:



ðkÞ
FOWA BMPj



"
N  1q1
X
i

¼

i¼1

n

1 #
i  1 q1
ðkÞ

$bij
n


(9)

In addition to the OWA operator, the IOWA approach can also be
applied as an aggregation operator to calculate the BMP scores in
each sub-basin, based on the order weights and consideration of
the criteria of importance (Yager and Filev, 1999). According to Step
7-2, an n-dimensional IOWA operator can be obtained using:



n



o
ðkÞ
ðkÞ ðkÞ
ðkÞ ðkÞ
ðkÞ ðkÞ
¼ FIOWA w1 ;a1j ; w2 ;a2j ;…; wn ;aij
FIOWA BMPj
¼

n
X

ðkÞ

ui $cij

i¼1

(10)

t



 X
ðkÞ
FSAW BMPj ¼
wk $FSAW BMPj

Thus, based on the SAW operator, FSAW ðBMPj Þ is the combined
goodness measurement of the jth scenario for the entire watershed,
wk is the importance of the kth sub-basin (in our study, sub-basins
ðkÞ
are considered to be of equal importance), and FSAW ðBMPj Þ is the
BMP score of the jth scenario in the kth sub-basin.
The second risk analysis step is used for cases of risk-based
decision-making at the watershed level, wherein the number of
sub-basins that have met the criteria from the ﬁrst risk analysis step
are reported. In this step, multiple risk attitudes are analyzed,
including the seven risk attitudes listed in Table S4. These risk attitudes are expressed by linguistic statements such as: “choose the
best scenario based on satisfaction of all of the sub-basins” (fully
pessimistic viewpoint); “based on satisfaction of half of the subbasins” (neutral risk viewpoint); or, “based on satisfaction of at
least one of the sub-basins” (fully optimistic viewpoint). At this
decision-making level, the two risk-based OWA and IOWA operators are applied to the analysis of Step 2. In Step 11, the t-dimensional OWA and IOWA operators use Eqs. (12) and (13), respectively,
to calculate the various scenarios’ combined goodness measurements for each risk attitude of the ﬁrst risk analysis step, as follows:







ðlÞ
ð1Þ ðlÞ
ðtÞ ðlÞ
FOWA BMPj
¼ FOWA FOWA BMPj
; …; FOWA BMPj

ðkÞ

where FIOWA ðBMPj Þ is the BMP score associated with the jth scenario in the kth sub-basin, as obtained with the IOWA operator. u ¼
ðu1 ; u2 ; …; un Þ is the order weight vector of the IOWA operator
ðkÞ
when calculated as OWA order weights, and cij denotes the value
ðkÞ
ðkÞ ðkÞ
ðkÞ
of aij from the coupleðwi ; aij Þ, which has the ith largest wi
value.
The advantage of using the IOWA operator rather than the OWA
operator is that the former considers the criteria of importance
when calculating the risk involved in the scoring of scenarios.
Further, this operator also allows the use of criteria weights with
linguistic or fuzzy values, such as “better,” “worse,” etc.

2.6. Decision-making process at the watershed level
Once the BMP scores are calculated for each sub-basin, the
scenario combined goodness measurements for the entire watershed can be determined, based on the second step of risk analysis.
In Step 8, a matrix of the BMP scores was formed for each of the risk
attitudes associated with the ﬁrst risk analysis step (see Table S5;
ðkÞ
Supplementary Materials). In this matrix, Foperator ðBMOj ÞðlÞ represents the BMP score of the jth scenario in the kth sub-basin,
which has been calculated using either the OWA or IOWA operator (Step 7-1 or Step 7-2, respectively; Fig. 3) for the lth risk attitude of Step 1 of the risk analysis. The same matrix can be created
using the BMP scores resulting from use of the SAW operator in Step
6 of the neutral risk analysis. The aggregation process was implemented for Table S5's decision matrix, to calculate the scenarios'
combined goodness measurements and rank the scenarios for the
entire watershed.
At the watershed level, two cases of neutral risk and risk-based
decision-making have been proposed for a sensitivity analysis of
the ﬁnal scenario's combined goodness measurements and
ranking; in cases involving neutral risk decision-making, the SAW
operator can calculate each scenario's combined goodness measurement for the entire watershed, without consideration of the
potential risks. According to Step 9, the SAW operator can use Eq.
(11) to calculate the combined goodness measurements of this type
of scenario, as follows:

(11)

k¼1



ðkÞ ðlÞ
vk $ bj

t
X

¼

k¼1



FIOWA BMPj

ðlÞ



 
ð1Þ ðlÞ
w1 ; FIOWA BMPj
; …;
¼ FIOWA


ðlÞ 
ðtÞ
wt ; FIOWA BMPj
¼

t
X

(12)

(13)



ðkÞ ðlÞ
vk $ cj

k¼1

where FOWA ðBMPj ÞðlÞ and FIOWA ðBMPj ÞðlÞ are the combined goodness
measurements of the jth scenario for the entire watershed and the
lth risk attitude of the ﬁrst risk analysis step based on the OWA and
IOWA operators, respectively. When calculated by the OWA operð1Þ

ðtÞ

ator, fFOWA ðBMPj ÞðlÞ ; …; FIOWA ðBMPj ÞðlÞ g is the BMP score of the
jth scenario in the t sub-basin of the lth risk attitude for the ﬁrst risk
ðkÞ

analysis step, with ðbj ÞðlÞ denoting the kth largest element of the
ð1Þ
ðtÞ
ðkÞ
fFIOWA ðBMPj ÞðlÞ ; …; FIOWA ðBMPj ÞðlÞ g input set. ðcj ÞðlÞ denotes the
ðkÞ
ð1Þ
value of FIOWA ðBMPj ÞðlÞ from the couple ðwk ; FIOWA ðBMPk ÞðlÞ Þ,

which has the kth largest wk value. v ¼ ðv1 ; v2 ; …; vt Þ is the order
weight vector of the OWA and IOWA operators related to the t subP
basins, with vk 2½0; 1 for all k and tk¼1 vk ¼ 1. The order weight
vector of v ¼ ðv1 ; v2 ; …; vt Þ is calculated like the order weight vector
of u ¼ ðu1 ; u2 ; …; ut Þ in Eq. (8); therefore, the ﬁnal combined
goodness measurements of the scenarios in each risk attitude
associated with the ﬁrst risk analysis step are calculated based on
the OWA and IOWA operators, respectively:

"  1
1 #

t

ðlÞ X
k q1
k  1 q1  ðkÞ ðlÞ
FOWA BMPj
¼

$ bj
t
t

(14)

k¼1

" 1
1 #

t

ðlÞ X
k q1
k  1 q1  ðkÞ ðlÞ
¼

$ cj
FIOWA BMPj
t
t
k¼1

(15)
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various scenarios for the entire watershed. Thus, in accordance
with Step 9, the combined goodness measurements for the neutral
risk approach were determined using the SAW operator. Further, as
shown in Step 11, the OWA and IOWA operators were also used to
determine the combined goodness measurements for our riskbased analysis. This risk-based decision-making at the watershed
level illustrates the second risk analysis step, in which the satisfaction levels of the sub-basins relative to the number of sub-basins
are considered. For example, the fully pessimistic viewpoint was
more likely to select the best scenario based on the satisfaction of
all 185 sub-basins, while the fully optimistic viewpoint tended to
choose the best scenario based on the satisfaction of at least one of
the 185 sub-basins. Because 185 different sub-basins were evaluated in our study, all seven of the risk attitudes presented in
Table S4 had to be analyzed for each of the OWA and IOWA
operators.
For our neutral risk cases, in order to calculate the combined
goodness measurements of each scenario, the SAW operator had to
aggregate the BMP scores associated with the 185 sub-basins. The
SAW operator must also consider the importance of the sub-basins
when estimating the combined goodness measurements; however,
in the risk-based approach, it was the OWA and IOWA operators
that aggregated the BMP scores and calculated each scenario's
combined goodness measurements (see Table S5 matrix). (Note
that the IOWA operator considered the sub-basins to be of importance, but the OWA operator did not.) The seven risk attitudes of the
second risk analysis step were implemented for each of the OWA
and IOWA operators, and the ﬁnal combined goodness measurements of the top eight BMP scenarios for the Honeyoey Creek-Pine
Creek Watershed are presented in Fig. 4 (determined via the SAW
neutral risk operator). In addition, the ﬁnal combined goodness
measurements calculated by the OWA and IOWA risk-based operators for the two cases of “satisfaction of all of the three criteria”
and “satisfaction of at least one of the three criteria” are presented
in Figs. 5 and 6, respectively. (The maximum value of the combined
goodness measurements are printed in bold for each of the risk
attitudes listed in the second risk analysis step.)
According to the results presented in Fig. 4, for cases of neutral
risk decision-making using the SAW operator, the DMs scored the
scenarios and selected the best option for the entire watershed
based on the criteria weights and importance of the sub-basins,
without considering any of the potential risks (in this case, Scenario 2 has a maximum value of 0.659).
In our risk-based case of decision-making using the OWA
operator, the DMs scored the scenarios based on the risk attitudes
involved in their decision-making. As seen in Fig. 5(a), the pessimist
(risk-averse) DMs were more likely to select a best scenario that
satisﬁed all the criteria for the greatest number of sub-basins,
resulting in a combined goodness measurement of maximum
value 0.118 for Scenario 2. In addition, (see Fig. 5(b)), the optimistic
(risk prone) DMs were more likely to choose a best scenario that
satisﬁed at least one of the criteria for some number of the subbasins, resulting in Scenario 7 having a maximum combined
goodness measurement value of 0.991. Further, the combined
goodness measurements of the scenarios involving the pessimistic

The two risk analysis steps at the sub-basin and watershed
levels result in the ranking of scenarios as well as selection of the
best scenario for the entire watershed; the decision-making conditions having been satisﬁed by the number of criteria and subbasins.
2.7. Application of the proposed methodology to our case study
We implemented the MCDM process at the sub-basin level for
all relevant agricultural sub-basins, evaluating the BMPs of the top
eight scenarios with respect to our designated criteria of importance (i.e., stream health scores, farmers' social preferences, and
BMP installation costs). In this section, we illustrate the decisionmaking process involved in making sub-basin calculations using
sub-basin 44 (Fig. 1). First, we formed a decision matrix for each of
the sub-basins (Step 2); which matrix included an evaluation of the
BMPs with respect to the designated criteria of importance (see
Table 1). The linguistic social preferences of the scenarios in our
decision matrix were obtained from Table S1 (the stream health
scores were acquired from a stream health model developed by
Herman et al., 2015). The average BMP installation cost was
calculated using Michigan's NRCS Typical Statewide Average Practice Costs report (NRCS, 2014). In Step 3, the evaluation values of the
decision matrix were fuzziﬁed, defuzziﬁed, and normalized based
on the procedure described in Step 4. The criteria weights were
then calculated via the entropy-based method (Step 5), with the
results for sub-basin 44 presented in Table 2.
The two cases of neutral risk and risk-based MCDM processes
were applied to calculate the BMP scores for each sub-basin; thus,
according to Step 6, the BMP scores were determined by utilization
of the SAW operator in a neutral risk decision-making scenario.
According to Steps 7-1 and 7-2 (Fig. 3), the OWA and IOWA operators were later applied to calculate the BMP scores using riskbased analysis. Risk-based decision-making at the sub-basin level
describes the ﬁrst risk analysis step, and takes into consideration
the satisfaction of all the relevant criteria. In our study, the two risk
attitudes (fully pessimistic and fully optimistic) were both used in
the ﬁrst risk analysis step (l ¼ 2), with consideration given to our
three selected criteria. The fully pessimistic viewpoint tended to
choose the best scenario based on satisfaction of all three criteria,
while the fully optimistic viewpoint frequently selected the best
scenario based on satisfaction of at least one of the three criteria.
These two risk attitudes were applied for both the OWA and IOWA
operators, with the resulting BMP scores for sub-basin 44 presented in Table 3 (including both neutral risk and risk-based decision-making). The same calculations were then implemented for
the remaining 184 agricultural sub-basins.
3. Results and discussion
3.1. Calculation of the combined goodness measurement of
scenarios
We used both neutral risk and risk-based decision-making examples to calculate the combined goodness measurements of the
Table 1
The decision matrix of subbasin No. 44.
Criteria

BMP type corresponding to the top 8 stream health-based scenarios
ð44Þ

Social preferencesa
Stream health score
BMP installation cost (dollar/hectare)
a

LF: least favorable, MF: most favorable.

ð44Þ

ð44Þ

ð44Þ

ð44Þ

ð44Þ

ð44Þ

ð44Þ

BMP1

BMP2

BMP3

BMP4

BMP5

BMP6

BMP7

BMP8

MF
75.5
31,432

LF
75.5
30,179

MF
75.5
0.0

LF
75.5
30,179

MF
75.5
31432

MF
75.5
5571

MF
75.5
7893

LF
75.5
66,737
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Table 2
The normalized decision matrix and the relevant criteria weights of subbasin No. 44.
Criteria

Criteria weights

BMP type corresponding to the top 8 stream health-based scenarios
ð44Þ

ð44Þ

Social preferences
Stream health score
BMP installation cost

0.006
0.497
0.497

ð44Þ

ð44Þ

ð44Þ

ð44Þ

ð44Þ

ð44Þ

BMP1

BMP2

BMP3

BMP4

BMP5

BMP6

BMP7

BMP8

1.000
1.000
0.000

0.304
1.000
0.000

1.000
1.000
1.000

0.304
1.000
0.000

1.000
1.000
0.000

1.000
1.000
0.000

1.000
1.000
0.000

0.304
1.000
0.000

Table 3
The BMPs scores in subbasin No. 44 for the cases of neutral risk and risk-based decision-making.
Decision-making case

Operator

Risk viewpoint

BMP type corresponding to the top 8 stream health-based scenarios
ð44Þ

Neutral risk case
Risk-based case

SAW
OWA

None
Fully pessimistic
Fully optimistic
Fully pessimistic
Fully optimistic

IOWA

ð44Þ

ð44Þ

ð44Þ

Scenario combined goodness measurement for
the entire watershed

ð44Þ

ð44Þ

ð44Þ

BMP2

BMP3

BMP4

BMP5

BMP6

BMP7

BMP8

0.503
0.000
1.000
1.000
0.500

0.499
0.000
0.999
0.304
0.500

1.000
1.000
1.000
1.000
1.000

0.499
0.000
0.999
0.304
0.500

0.503
0.000
1.000
1.000
0.500

0.503
0.000
1.000
1.000
0.500

0.503
0.000
1.000
1.000
0.500

0.499
0.000
0.999
0.304
0.500

Neutral Risk Decision-making

SAW Operator

0.659

0.650

ð44Þ

BMP1

0.647

0.640

0.630
0.620
0.610

0.620

0.611

0.628

0.625
0.616

0.600

0.596

0.590
0.580
0.570
0.560

0.550
Scenario 1

Scenario 2

Scenario 3 Scenario 4

Scenario 5 Scenario 6

Scenario 7 Scenario 8

Scenario Number
Fig. 4. The combined goodness measurements of the eight BMP scenarios based on the SAW neutral risk decision-making.

risk-based viewpoint illustrated in Fig. 5(a) had lower values in
comparison with the corresponding values in Fig. 5(b). This is due
to the fact that the results determined by the OWA operator were
solely dependent upon the OWA order weights, without consideration of either the criteria weights or the importance of the subbasins.
In our risk-based decision-making example using the IOWA
operator (see Fig. 6(a)), the pessimistic (risk-averse) DMs were
more likely to select a best scenario that satisﬁed all criteria for a
large number of the sub-basins, resulting in a maximum combined
goodness measurement of 0.780 for Scenario 6. In addition, Fig. 6(b)
illustrates how the optimistic (risk-prone) DMs tended to choose a
best scenario that would satisfy at least one of the criteria within
some of the sub-basins, with a maximum combined goodness
measurement of 0.609 for Scenario 2. Additionally, the results we
obtained using the IOWA operator differed from those gained with
the OWA operator, with no distinctive rule to explain the different
outcomes. This is a result of the IOWA operator's combined goodness measurements being dependent on the order weights, with
the criteria weights and sub-basins also being considerations of
importance.
3.2. Final ranking and selection of the best scenario
According to Step 12, the watershed scenarios should be

ranked based on their ﬁnal combined goodness measurements,
which we have presented in Figs. 4e6. Two cases of neutral risk
and risk-based decision-making were assessed for a sensitivity
analysis of the ﬁnal scenario ranking, with Case 1 including a
ranking of scenarios obtained using the SAW neutral risk operator, while Cases 2.1 and 2.2 include a ranking of scenarios
determined by utilization of the OWA and IOWA risk-based operators, respectively. The primary difference between the OWA
and IOWA operators is that the IOWA operator considers the
criteria weights and sub-basins of importance, while the OWA
operator does not. The ﬁnal scenario rankings are presented in
Tables 4 through 6.
The best scenario for the entire watershed was determined
according to the ranking of the BMP scenarios, as concluded
through use of both neutral risk and risk-based decision-making.
Therefore, in the case of our neutral risk decision-making scenario (see Table 4), the best option for the Honeyoey Creek-Pine
Creek Watershed is Scenario 2 (see Fig. S1; Supplementary Materials). However, for cases involving risk-based decision-making, the OWA operator selected Scenario 2 as the most desirable
BMP scenario for fully risk-averse viewpoints, but choose Scenario 7 for absolutely risk-prone approaches (see Table 5 and
Fig. S2; Supplementary Materials). The IOWA operator selected
Scenario 6 as the best option for fully risk-averse viewpoints, and
Scenario 2 for absolutely risk-prone approaches (see Table 6 and
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Scenario combined goodness measurement for
the entire watershed

(a)
0.120

Pessimistic Risk-based Viewpoint : Satisfaction of all of the three criteria within
many of subbasins

OWA Operator

0.118

0.100
0.080
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0.083

0.083

0.079

0.091
0.074

0.066

0.063

0.060
0.040
0.020
0.000

Scenario 1

Scenario 2 Scenario 3 Scenario 4

Scenario 5 Scenario 6 Scenario 7 Scenario 8

Scenario Number

(b)
Scenario combined goodness measurement for
the entire watershed

0.995

Optimistic Risk-based Viewpoint : Satisfaction of at least one of the three
criteria within some of subbasins

0.990

0.990
0.985

0.991

0.983
0.979

0.980
0.975

0.989

OWA Operator

0.978

0.979

0.975

0.970
0.965
Scenario 1 Scenario 2

Scenario 3 Scenario 4

Scenario 5 Scenario 6 Scenario 7

Scenario 8

Scenario Number
Fig. 5. The combined goodness measurements of the eight BMP scenarios based on the OWA risk-based decision-making for (a) pessimistic and (b) optimistic viewpoints.

Fig. S3; Supplementary Materials). (These “best scenarios” have
been printed in bold italics in Tables 4 through 6.)
Regarding the composition and costs associated with the
selected “best scenarios,” three of the top eight scenarios were
selected by the SAW, OWA, and IOWA operators. While no single
BMP dominated the selected scenarios, Scenario 2 was the most
frequently chosen option, with 25% of the area utilizing this type
of management. With no clear BMP, cover crop was the most
implemented BMP at 21%; followed by native grass (16%); and
residue management (also 16%); no tillage (14%), and forest (a
mere 8%). These numbers correlate to a total implementation
cost of $4,282,210 for the entire region. This cost is at the lower
end of the scale for the top eight scenarios: in Scenario 6, the
dominant BMP was no tillage (23%), forest (21%), cover crop
(17%), native grass (14%), residue management (14%), and no
BMP (11%), which correlates to a total implementation cost of
$6,184,368 for the entire region. Although the latter scenario's
cost is considerably higher than that of Scenario 2, due to the
reduction in the percentage of “no BMP,” a cost increase was
expected. In Scenario 7, the dominate BMP was forest (25%),
followed by no tillage (23%), residue management (14%), cover
crop (also 14%), native grass (13%), and ﬁnally no BMP (11%);
which correlates to a total implementation cost of $6,413,145 for
the entire region. Scenario 7 was even more expensive than
Scenario 6; however, this was expected, as forest BMP is the
costliest to implement.

4. Conclusions
In this paper we presented a methodology based on two cases of
neutral risk and risk-based decision-making analysis for use in the
development of a comprehensive watershed management plan for
the Honeyoey Creek-Pine Creek Watershed. The main goal of our
study was to ﬁnd an effective means of determining the best-case
scenario for the entire watershed, utilizing several decisionmaking risk attitudes. To this end, we analyzed the MCDM problem on two different scales: the sub-basin and the watershed. To
evaluate neutral risk decision-making, we utilized the SAW operator, which considers both criteria weight and the importance of
the relevant sub-basins. To evaluate risk-based decision-making,
we applied the OWA and IOWA operators, which enabled us to
analyze several different risk attitudes. The OWA operator does not
consider either criteria weight or sub-basin importance, while the
IOWA operator considers both. Step 1 of our risk analysis was
associated with multiple risk attitudes, according to the satisfaction
of the designated criteria. Step 2 was reported in terms of the
number of sub-basins that met the criteria from our risk analysis
performed in Step 1. In fact, the ﬁnal combined goodness measurements of the various risk-based decision-making scenarios
were calculated using several risk attitudes, which were associated
with sub-basins for which a number of criteria had been satisﬁed.
Our proposed comparative neutral risk/risk-based approach was
performed for the management of the Honeyoey Creek-Pine Creek
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(a)
Scenario combined goodness measurement for
the entire watershed

Pessimistic viewpoint : Satisfaction of all of the three criteria

IOWA Operator

0.780

0.780
0.770

0.764

0.760

0.759

0.760

0.753

0.750
0.740

0.735

0.735

0.735

0.730
0.720
0.710
Scenario 3 Scenario 4

Scenario 1 Scenario 2

Scenario 5 Scenario 6 Scenario 7 Scenario 8

Scenario Number

Scenario combined goodness measurement for
the entire watershed

(b)

Optimistic viewpoint : Satisfaction of at least one of the three criteria
0.620

IOWA Operator

0.609

0.600
0.580
0.560

0.551

0.551

0.540

0.553

0.539

0.534

0.535

0.520

0.513

0.500
0.480
0.460
Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5 Scenario 6
Scenario Number

Scenario 7 Scenario 8

Fig. 6. The combined goodness measurements of the eight BMP scenarios based on the IOWA risk-based decision-making for (a) pessimistic and (b) optimistic viewpoints.

Table 4
Final scenario ranking for Case 1 (Neutral risk decision-making (SAW operator)) in
the Honeyoey Creek-Pine Creek Watershed. Bold-italic are relevant to the most
desirable selective scenario.
Risk viewpoint

Scenarios
Sc.1

Sc.2

Sc.3

Sc.4

Sc.5

Sc.6

Sc.7

Sc.8

None

7

1

5

4

6

2

3

8

Watershed, and contained evaluations of the top eight BMP scenarios. These eight scenarios were the ﬁnal results of a stream
health-based genetic algorithm model, with each scenario
composed of different combinations of agricultural BMPs of the 185
sub-basins, which resulted in the highest stream health score for
the watershed. The eight BMP scenarios were analyzed based on
the proposed neutral risk and risk-based MCDM methodology for
selecting the optimal scenario, including satisfaction of the designated criteria within the sub-basins.
The scenarios combined the goodness measurements found in
Figs. 4e6; the ranking results listed in Tables 4 through 6 illustrate
the various types of neutral risk and risk-based decision-making, as
well as the kind of aggregation operator used, all of which affect the
ﬁnal ranking of scenarios. For instance, in Fig. 4 (using the neutral
risk SAW operator), the combined goodness measurement of Scenario 2 was 0.659; while the corresponding values in Fig. 5(a) and

(b) (both having used the risk-based OWA operator), were 0.118 and
0.983, respectively. Therefore, the results were more relevant to the
SAW operator than to the pessimistic OWA, but were less relevant
to the optimistic OWA. In addition, the corresponding values in
Figs. 6(a) and 5(b), which used the risk-based IOWA operator, were
0.764 and 0.609, respectively. Further, risk attitudes such as the
fully pessimistic and fully optimistic viewpoints of decisionmaking, have a signiﬁcant inﬂuence on the ﬁnal results. In the
pessimistic (risk-averse) viewpoint, conservative DMs tend to
select the best scenario in which all of the criteria are satisﬁed for as
many sub-basins as possible. As seen in Fig. 5(a), the combined
goodness measurement gained with the OWA operator in Scenario
2 (the best scenario with the maximum value), was 0.118. Fig. 6(a)
presents the results of using the IOWA operator to obtain the
combined goodness measurement in Scenario 6 (the best scenario
with the maximum value), with a result of 0.780. In the optimistic
(risk-prone) viewpoint, a non-conservative DM tends to select the
best scenario in which at least one of the criteria are satisﬁed in
some of the sub-basins. For example, Fig. 5(b) uses the OWA
operator to attain a combined goodness measurement of 0.991 for
Scenario 7 (the best scenario with the maximum value). In addition,
Fig. 6(b) details how use of the IOWA operator gains a combined
goodness measurement of 0.605 in Scenario 2 (the best scenario
with the maximum value).
Overall, we concluded that utilizing both neutral risk and riskbased decision-making results in the most comprehensive
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Table 5
Final scenario ranking for Case 2-1 (Risk-based decision-making (OWA operator)) in the Honeyoey Creek-Pine Creek Watershed. Bold-italic are relevant to the most desirable
selective scenario.
Risk viewpoints

Fully pessimistic

Fully optimistic

Number of subbasins in which criteria are satisﬁed

All of subbasins
Most of subbasins
Many of subbasins
Half of subbasins
Some of subbasins
Few of subbasins
At least one of subbasins
All of subbasins
Most of subbasins
Many of subbasins
Half of subbasins
Some of subbasins
Few of subbasins
At least one of subbasins

Scenarios
Sc.1

Sc.2

Sc.3

Sc.4

Sc.5

Sc.6

Sc.7

Sc.8

2
4
4
3
3
3
3
4
8
8
8
8
8
8

1
1
1
1
1
1
1
1
4
4
4
4
4
4

4
5
5
5
5
5
5
5
5
5
5
5
5
5

5
8
7
7
7
7
7
7
2
2
2
2
2
2

3
2
3
4
4
4
4
3
7
7
7
7
7
7

8
3
2
2
2
2
2
8
3
3
3
3
3
3

7
6
6
6
6
6
6
6
1
1
1
1
1
1

6
7
8
8
8
8
8
2
6
6
6
6
6
6

Table 6
Final scenario ranking for Case 2-2 (Risk-based decision-making (IOWA operator)) in the Honeyoey Creek-Pine Creek Watershed.
Risk viewpoints

Number of subbasins in which criteria are satisﬁed

Scenarios
Sc.1

Sc.2

Sc.3

Sc.4

Sc.5

Sc.6

Sc.7

Sc.8

Fully pessimistic

All of subbasins
Most of subbasins
Many of subbasins
Half of subbasins
Some of subbasins
Few of subbasins
At least one of subbasins
All of subbasins
Most of subbasins
Many of subbasins
Half of subbasins
Some of subbasins
Few of subbasins
At least one of subbasins

4
4
4
4
4
4
4
7
7
7
7
7
7
7

2
2
2
2
2
2
2
1
1
1
1
1
1
1

8
8
8
8
8
8
8
4
4
4
4
4
4
4

3
3
3
3
3
3
3
5
5
5
5
5
5
5

5
5
5
5
5
5
5
3
3
3
3
3
3
3

1
1
1
1
1
1
1
2
2
2
2
2
2
2

6
6
6
6
6
6
6
6
6
6
6
6
6
6

7
7
7
7
7
7
7
8
8
8
8
8
8
8

Fully optimistic

watershed management assistance for DMs seeking the most
optimal scenario for feasible watershed management. Several
decision-making strategies, including neutral risk and risk-based
decision-making, as well as risk-averse and risk-prone viewpoints, along with the type of aggregation operator (SAW, OWA or
IOWA) chosen, all affect the ﬁnal selection. The novel approach of
our study is its ﬂexible framework, which makes it applicable for
many risk-based MCDM analyses for effective watershed management, including single and group decision-making, and consensus
modeling for in-group decision-making problems. It is also applicable for use with other operators commonly used in MCDM
problems of watershed management, and our proposed technique
can be easily applied to other case studies featuring sub-basins with
different degrees of importance.
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