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H I G H L I G H T S

• Three parts of DSS based on judgments are defined: information, quality, and algorithms.
• A systematic and quantitative assessment of the costs and benefits of DSSs.
• The introduction of a cost-benefit efficiency measure (the break-even point).
• Counterintuitively the results show that a less informative DSS can be more efficient.
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A B S T R A C T

It is a challenge to improve a decision support system (DSS) based on expert judgments; the literature proposes to
improve accuracy and performance by increasing the sophistication and complexity of the DSS, but at what cost?
This study presents a model for encoding a DSS based on expert judgments and evaluating its efficiency,
establishing a three-part analysis structure: information requirements (number of judgments), quality re-
quirements (quality assurance mechanisms), and algorithmic complexity. With a focus on the cost of judgments,
a systematic and quantitative coding of the performance and cost in each part of the DSS is established. A “break-
even point” efficiency measure, defined as the maximum percentage of the optimal performance that can be paid
per unit of resources, is proposed to ensure that the use of the DSS remains profitable. Counterintuitively, the
results of a case study show that the efficiency of DSSs does not necessarily increase with respect to the infor-
mativeness level of DSSs. Overall, this study provides a new method for evaluating the efficiency of DSSs.

1. Introduction

Decision support systems (DSSs) are information systems designed to
improve the decision-making process [1–3]. Intuition suggests that
increasing the complexity of a DSS should improve its accuracy and
performance, but does this improve its efficiency? Empirical evidence
indicates that advances in technology increase the deployment of DSSs
(IoT, ERP, big data) [4–6] in firms and governments for structured de-
cisions [7], while DSSs based on judgments (for unstructured decisions)
are maintained only in some large-scale projects [8]. This suggests that
DSSs provide significant advantages in the efficient management of
structured decisions, while their contributions to unstructured decisions
have been questioned [9]. Therefore, the cost-efficiency of using a DSS
in unstructured decisions and the cost-benefit balance of a DSS based on
judgment of experts are topics worth investigating because the use of
DSSs is not common in organizations [10–12]; this challenges their

efficiency and raises important questions. Which elements of a DSS are
most valuable? What are their costs? Can their incremental performance
and cost be measured?

Efficiency quantifies the value of information and is defined as the
difference between the reward that the decision-maker obtains in the
absence of information and what can be obtained in its presence once
the cost has been accounted for [13]. It is possible that some of the
approaches proposed in the literature to improve the performance of
DSSs (increasing the number of judgments, increasing the level of in-
formation of the judgments, etc.) may not be efficient due to the high
costs they entail. This study aims to establish a model of the overall
efficiency of different DSSs based on expert judgments, as well as to
determine the contributions of the different parts of a DSS to its
efficiency.

This paper proposes an analysis of a DSS based on three distinct
structural parts: i) the systematic collection of information, integrating
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data from multiple sources (databases, internal information, expert
judgments, etc.); ii) the establishment of mechanisms to ensure the
quality of the collected information (reliability of the source, contra-
dictions between data, coincidence between different sources, etc.); and
iii) the processing of the information using algorithms (analytical and
optimization models) to provide a DSS solution (a ranking among the
alternatives or priority vectors of alternatives).

The model proposed in this paper is developed within the intentional
bounded rationality (IBR) conceptual framework, where the existence of
a probabilistic regularity in the judgments of experts permits one to
establish a function between the performance of the alternatives and the
level of error. This regularity allows a systematic and quantitative
analysis of the performance and costs of each of the three structural parts
described above. Thus, for a scenario for which the latent performances
of the alternatives are known, the proposed model determines the error
distribution of the judgments and the cost of the information, making
the efficiency of each requirement introduced in the DSS quantifiable.
Instead of specifying a set of judgments and assessing changes in the
outcome rankings by modifying some of the parameters of the DSS
(sensitivity analysis), the proposed approach evaluates a DSS in a
counterfactual manner by examining all possible combinations of judg-
ments that an expert can make.

The main contributions of this study are the following:

1) A three-part structure analysis of a DSS is proposed based on i) in-
formation requirements, ii) quality requirements, and iii) algorithms.
This three-part decomposition will be shown with some outstanding
DSSs.

2) The wide variety of judgments in different DSSs makes comparing
them difficult. Thus, a general method for coding the three parts of a
DSS for a systematic and quantitative assessment of its performance
and cost is proposed.

3) A quantification of resource prices (expert judgments and algorithm
complexity) is proposed.

4) The reference concept “profit of ignorance” is defined as the per-
formance expectation obtained by making a random decision.

5) Based on the “profit of ignorance” and the expected performance of
the analyzed DSS, a quantitative measure of the efficiency and cost-
benefit balance (break-even point) is proposed.

6) The implementation of previous proposed theoretical measures
produced an unexpected result: of the DSSs compared, the δ-type
analytic hierarchy process (AHP) with consistency is the least effi-
cient DSS, while the ε-type AHP with consistency is the most efficient
DSS. This result has important implications for the design of DSSs.

The rest of the paper is organized as follows: Section 2 presents a
brief review of the relevant literature. Section 3 shows the construction
of the proposed model, introducing its structure and the main notation.
The judgments and rationality of the experts are discussed in Section 4.
Section 5 provides examples of the coding of the components of a DSS.
Section 6 analyzes and discusses the results using a theoretical case
study. The main conclusions are presented in Section 7.

2. Literature review

A recurring question in decision science is the following: “What is the
most appropriate DSS for a given decision problem” [14]? A DSS is a
formal scientific method aimed at framing a decision problem with
structured and traceable algorithms of the information needed to
comprehensively evaluate the decision alternatives to establish a pri-
ority vector, i.e., a best-to-worst ranking of the alternatives [15].

The proposed approach in this paper is based on the “bounded ra-
tionality” conceptual framework proposed by Simon [7,16,17] that
hypothesizes the existence of a single optimal alternative and that dif-
ferences in alternative judgments between systems or between experts
arise from their inability to manage all available information. This

hypothesis implies that a system or expert that manages all information
(perfect information) will be able to select the best alternative without
error. This perspective focuses on improving information management
to find the best alternative, making the system or expert responsible for
collecting data to improve performance.

DSSs for structured decisions [7] are systems in which decisions are
repetitive, allowing the construction of a structure of relevant data.
These DSSs fit well into Simon’s conceptual framework because their
goal is to improve the quantifiable performance, where the repetition of
decisions allows them to learn about relevant information. In this
domain, DSSs facilitate the analysis and presentation of objective data
systematically collected through previous experience, thus significantly
increasing the level of information available to decision-makers. The
algorithmization of decision processes is essential to managing large
amounts of data, especially in environments characterized by big data
[18]. In business or organizational contexts, information systems help
identify optimal solutions and improve competitiveness by integrating
data across systems [19]. This has yielded fruitful results in a wide va-
riety of areas, such as optimizing production scheduling [20], assessing
sustainability across multiple supply chains [21], improving innovation
outcomes using artificial intelligence [22], optimizing medical decisions
[23], optimizing an organization’s operations [24], optimizing trans-
portation infrastructure [25], and making predictions [26].

However, unstructured decisions lack systematized prior informa-
tion because they aim to respond to dynamic problems pervaded by
uncertainty, making the formalization of the relationships between
variables difficult [7] and expert judgments a crucial source of infor-
mation [27–30]. Nevertheless, DSSs based on judgment of experts are
extremely difficult to model and evaluate mainly due to, among other
factors, the lack of reliability of judgments [31], the manifestation of
contradictions within the judgments of individual experts [32], and the
contradictions between the judgments of different experts [33]. In
addition, in unstructured decisions, the performance of alternatives may
be difficult to determine a priori and, sometimes, even a posteriori (after
the decision has been made) when it is only possible to quantify the
performance of the course of action [34].

The most widely used conceptual framework in DSSs based on
judgments proposes a non-deterministic (utility or other) or unknown
performance of the alternatives [35], which makes it impossible to
distinguish between judgment errors or differences in preferences. The
lack of a clear objective requires a DSS to be flexible to adapt to the
circumstances of the problem [36], generating difficulties in aggregating
and comparing judgments, and the contribution of the DSS must be
established through indirect measures such as the level of agreement,
consistency, or resilience of the result.

Within this traditional conceptual framework, researchers have
developed general or global DSS models based on judgment of experts
that do not distinguish between the information level, quality con-
straints, and performance. Thus, quality measures such as the level of
consensus and level of consistency of experts, among others, are some-
times considered performance indicators for DSSs [37–39]. It is a chal-
lenge to improve a “hard-to-quantify performance,” and the
development of DSSs based on judgment of experts in the specialized
literature has been carried out by increasing their sophistication and
complexity for different aspects of the decision problem:

a) The number of judgments required: Holistic judgment requires only a
ranking of the alternatives [40] versus performing pairwise judg-
ments of the alternatives [41].

b) The type of judgment information required: A preference judgment
only shows which of the alternatives is preferred [42]; an intensity
judgment quantifies how much one alternative is preferred over
another [43]; and a fuzzy intensity judgment also includes a degree
of expert hesitation [44].

c) The type of consistency requirement: Ordinal consistency (if a is
preferred to b and b is preferred to c, then c is preferred to a) [45]
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versus cardinal consistency (if a is preferred to b 3 times and b is
preferred to c 2 times, then c is preferred to a 6 times) [46] must be
considered.

d) The type of consensus required: Ordinal consensus (measures the
distance between the rankings of alternatives of different experts)
[47,48] versus cardinal consensus (measures the distance between
the intensities of preference shown by different experts) [49,50]
must be considered.

Solving algorithm complexity: The AHP introduces intensity into
pairwise judgments; the fuzzy AHP (FAHP) introduces fuzzy sets into the
AHP to resolve uncertainties about expert preferences [51]; and the
intuitionistic fuzzy AHP (IFAHP) allows a higher accuracy than the
FAHP by simultaneously expressing affirmation, negation, and hesita-
tion [44] but requires defuzzification to convert intuitionistic outputs
into crisp numbers [52].

The traditional conceptual framework has led to the development of
a wide variety of DSSs based on judgments, which are extraordinarily
complex, either preventing comparisons between different DSSs or
preventing quantifying their contributions to performance, making it
impossible to quantify their efficiency. This paper leverages the devel-
oped intentional bounded rationality methodology [28] in Simon’s
bounded rationality framework for DSSs based on judgments. This
approach uses the regularity existing in the errors of expert judgments
regarding the performance of alternatives [53] to quantify any DSS or
any of its parts by establishing a probability distribution that depends on
the performance of the decision alternatives.

Within this conceptual framework, studies have been published in
different decision domains, such as the demand for service platforms
[54], how to quantify human error in Stackelberg games [55], forest fire
management [56], the analysis of the impact of influence communica-
tion networks on group performance [57], the influence of participation
in innovation decisions [58,59], the analysis of the theoretical advan-
tages of blockchain technology [5], and how to balance experience,
diversity, and the number of members in steering committees [29].

This paper’s main objective is to propose a general codification of a
DSS based on judgments that makes it possible to quantify not only the
final priority vector but also the expected performance contributions of
each of the parts that compose the DSS; this, recognizing that increasing
the judgments means increasing the time spent by the experts (costs),
will make it possible to perform an efficiency analysis of these DSSs with
respect to their costs.

It has been suggested in the existing literature that increasing the
number of judgments is costly, and it was questioned whether the in-
crease in accuracy compensates for such an increase in cost [42].
Reducing the number of judgments in some DSSs may affect the accu-
racy of decisions in complex scenarios. To minimize this effect,
sequential models [60], consistency measures [61], multigranularity
models [62], and heuristics were proposed [63]. Other existing research
works have tried to find DSSs based on algorithms that improve the
accuracy of complex decisions by reducing errors through adaptive al-
gorithms [64] or by combining judgments and databases [65]. In fact,
whether the effort involved in implementing a DSS is worthwhile for
unstructured decisions has been questioned by some researchers, with
some findings revealing that more than 70 % of DSSs are not used sys-
tematically in the medical field [66]. This highlights the need to be able
to evaluate the effectiveness of DSSs based on judgment of experts.

3. Model construction

This study proposes a model to evaluate the efficiency of DSSs,
especially those based on judgment of experts. Technological de-
velopments have significantly reduced computational costs, but expert
time is still valuable. In the literature, complex DSSs have been devel-
oped with the aim of enhancing the precision of their decision meth-
odology. Although these DSSs impose a high time burden on experts,

they do not consider whether the time cost compensates for the gain in
precision. We define the efficiency of a DSS as the contribution of the
DSS over a random (uninformed) decision per unit of judgment. The
modeling of the efficiency of a DSS, the main notation, and the steps of
the modeling framework are described below.

Let A = {A1, ...,An} be a finite set of n = |A| alternatives with set
latent performance values V = {V1, ...,Vn}. Alternatives with the same
latent performance values can be assumed to be equal and therefore only
one is kept. Thus, without loss of generality, it is assumed that all latent
performance values are different.

We use the phrase combination of judgments to mean the information
requirement of a DSS based on judgment of experts. Thus, with DSSy
denoting a particular DSS (AHP, ordering, SMARTER, etc.), its infor-
mation requirement on the set of alternatives is herein denoted by
G(DSSy). The priority vector of alternatives for DSSy is derived by
applying its specific algorithm to G

(
DSSy

)
. The sample space, denoted

by γ
(
DSSy

)
=
{
G1
(
DSSy

)
,…,GM( DSSy

) }
, is the set of all possible com-

binations of judgments, and its cardinality, M = |γ(DSSy)|, depends on n.
Each DSS specifies the judgment values on the alternatives that can

be used by the experts (more on this in Section 4). Thus, denoting by R =

{R1,…,RK} the specific set of judgment values on the set of alternatives
of DSSy and denoting by gxi ∈ R the value chosen by expert x for
judging alternative Ai, Gx (DSSy) = {gx1, gx2,…, gxn } represents one com-
bination of judgments on the set of alternatives that expert x can choose
from the sample space γ(DSSy) when analyzing the decision problem
with DSSy (some examples are given in Appendix II).

The goal of the proposed model is to determine the efficiency of the
DSS based on three explanatory variables: the number of alternatives
(n), their performance (V), and the precision of the expert (βx), which,
for simplicity, is assumed to be the same for all experts (βx = β).

3.1. DSS performance

As mentioned before, once the combination of judgments is obtained
from expert x (Gx(DSSy)), a specific algorithm to DSSy, and a priority
vector of alternatives, Sx(DSSy) = (Ak1 ≻ Ak2 ≻ ⋯ ≻ Akn ), is derived as
the solution of the decision problem. Notice that it is not possible to
evaluate the quality of the derived solution Sx(DSSy) when the set of
alternative performance values V is unknown and the combination of
judgments Gx(DSSy) is the only available information on the set of al-
ternatives. In this case, the intentional bounded rationality methodology
(IBRM) is postulated as a methodological approach to evaluate the ex-
pected performance of a DSS based on judgment of experts. In the IBRM,
the judgment value gi ∈ R chosen in judging alternative Ai is assigned a
probability value based on the relative performance of the alternative
and the precision of the expert: pgi = ϕ(Vi, β). The IBRM approach
processes all the possible combinations of judgments on the set of alter-
natives to compute the expected performance of DSSs as a function of
the exogenous variables V (performances of the alternatives), β (preci-
sion of the expert), and n (number of alternatives):

E
[
DSSy

]
= ψ(V, β, n).

This is done with the three-step process below:

1) Set up a hypothetical scenario where the performance of the alter-
natives V is assumed to be known to allow the computation of each
combination of judgments Gk( DSSy

)
, a priority vector, Sk

(
DSSy

)
, and

its performance value, Sk. If the problem aim is to choose only one
alternative from Sk

(
DSSy

)
, then the performance of this priority

vector will be Sk = Vk1 .
2) Obtain the sample space γ

(
DSSy

)
=
{
G1
(
DSSy

)
, ... ,GM( DSSy

) }
and

assign each combination of judgments the probability value pGk(DSSy) =

∏n

i
pgki .
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3) The expected performance of the DSS for V: E[DSSy] =
∑M

k=1 pGk(DSSy)S
k.

3.2. DSS cost

The expected performance provides a benchmark against which to
compare different decision strategies [67]. The expected performance of
making a random decision was defined herein as the “profit of igno-
rance” expectation. A decision strategy is to be considered when its
expected performance is higher than the corresponding profit of igno-
rance expectation. Thus, different courses of action can be evaluated and
compared even before they are implemented by calculating the
respective differences between their expected performance value and
the profit of ignorance expectation, making this a useful metric in de-
cision theory. The profit of ignorance represents the opportunity cost of
not using any resources in the decision process and, since it is common
for professionals to charge for a project based on its volume or expected
initial value, it can be considered the reference point for measuring the
cost of a DSS. Thus, a DSS is worth considering if it provides a perfor-
mance that exceeds the profit of ignorance expectation.

No matter the decision problem, the selection of a random alterna-
tive as the solution to the problem costs nothing. The performance of the
profit of ignorance is E(PI) = 1

n
∑n

i=1Vi. Themaximum admissible cost,MA,
of DSSy is defined here as its contribution above the profit of ignorance,
i.e.,

MA
(
DSSy

)
= E

[
DSSy

]
− E(PI). (1)

It is obvious that MA depends on the exogenous variables (V, β,n) :

MA(DSSy) = φ(V, β, n).

The most valuable resource in any DSS is the expert’s judgment. If
the cost per judgment is denoted by h(> 0), then the cost of a combi-
nation of judgments G

(
DSSy

)
in DSSy will be h

⃒
⃒G
(
DSSy

) ⃒
⃒. However,

quality requirements (QR) to be considered in implementing DSSy may
imply the unacceptability of some combination of judgments. Thus, if an
expert provides an unacceptable combination of judgments, this is rejec-
ted, and the expert is asked to provide another acceptable combination of
judgments. Let QR

(
DSSy

)
be the subset of the combination of judgments in

γ
(
DSSy

)
containing unacceptable judgments. The probability of rejec-

tion of a combination of judgments in implementing DSSy, denoted by
p
(
QR
(
DSSy

) )
, is obtained as the sum of the probabilities of the combi-

nation of judgments in QR
(
DSSy

)
. Thus, the cost of implementing DSSy is

h
⃒
⃒G
(
DSSy

) ⃒
⃒+ hp

(
QR
(
DSSy

) )⃒
⃒G
(
DSSy

) ⃒
⃒

= h
(
1+ p

(
QR
(
DSSy

) ) )⃒
⃒G
(
DSSy

) ⃒
⃒.

As per the above, DSSy is worth implementing only when its MA
value is equal to or greater than its implementation cost:

MA
(
DSSy

)
≥ h
(
1+ p

(
QR
(
DSSy

) ) )⃒
⃒G
(
DSSy

) ⃒
⃒. (2)

3.3. DSS efficiency

The goal of a DSS is to propose the priority vector that maximizes
performance. The maximum performance is denoted asMV and its value
depends on the scenario (V) and the type of problem faced (i.e., the
number of alternatives of the priority vector that form the solution to the
problem).

Notice that from Eq. (2), we obtain the upper cost per expert’s
judgment for DSSy to be worth implementing:

h ≤
E
[
DSSy

]
− E(PI)

(
1+ p

(
QR
(
DSSy

) ) )⃒
⃒G
(
DSSy

) ⃒
⃒
.

The efficiency of DSSy is defined as the “break-even point” (BEPy(h)),

which is the ratio of the maximum cost per expert’s judgment that can be
paid for its implementation to its maximum performance:

BEPy(h) =
E
[
DSSy

]
− E(PI)

(
1+ p

(
QR
(
DSSy

) ) )⃒
⃒G
(
DSSy

) ⃒
⃒MV

.

This definition of the break-even point as a ratio eliminates scaling
problems when comparing the efficiency of the implementation of
different DSSs. It is noticed that efficiency also depends on the exoge-
nous variables (V, β, n):

BEPy(h) = Ω(V, β, n). (3)

Therefore, DSSy is worth implementing if the cost per expert’s
judgment (h) is less than the break-even point (BEPy(h) ) multiplied by
the maximum performance (MV). The greater the break-even point of a
DSS, the greater the cost per expert’s judgment the DSS can handle and,
therefore, the greater the DSS’s efficiency.

Traditionally, DSSs have been evaluated by performing sensitivity or
consensus-level analyses on a specific case study (see Fig. 1) with known
expert judgments (provided or constructed) from which “a posteriori
analyses” of the DSSs’ performances can be carried out. In this paper,
however, the model proposed allows one to obtain the efficiency (BEP)
of DSSs using the required exogenous variable values (V, β, n), consid-
ering all the possible judgments that can be provided by experts; this
allows an “a priori evaluation” of the most appropriate DSS for each
problem (see Fig. 2).

The evaluation model proposed in this paper is systematic because it
generalizes the way DSSs are coded, and it is quantitative because it
provides a comparable value for the efficiency of DSSs. The proposed
method is summarized in Eqs. (1)-(3) and is based on: i) a solid con-
ceptual framework based on intentional bounded rationality (IBR) [28,
68]; ii) previous empirical evidence on probabilistic regularity in expert
judgments [69–74]; iii) theories that claim the economic value of
ignorance as a reference in decision-making [75,76]; iv) the theory of
the economic value of additional information, which relates the ex-
pected performance of a DSS to the gain from ignorance [77–81]; v) the
results are consistent with previous research on DSS that implicitly used
the proposed method [5,29,33,57,58,82,83]; vi) Section 6 presents a
detailed case study demonstrating the applicability of the model to both
δ and ε problems, showing reproducible and quantifiable results.

This is of interest to (1) managers and directors because it provides
information on the possible gain percentages of a DSS compared to not
using it and (2) researchers because it allows them to compare the ef-
ficiency of different DSSs in the same scenario and to justify increasing
(or not increasing) their complexity.

4. Judgments and intentional bounded rationality

People can quickly identify similarities and differences between
objects, concepts, or alternatives. Cognitive psychology studies have
shown that humans have a great ability to recognize patterns and make
comparative judgments in fractions of a second, demonstrating that the
humanmind is unique in integrating information and extracting abstract
relationships [84], which is especially important when it is faced with
unstructured decisions in rapidly changing environments.

Human judgment is a very fast synthesis tool, but it is difficult to use
it scientifically if we are not able to model it [85]. In the absence of
structured information, comparisons between alternatives help in cate-
gorization and decision-making. From neuroscience to cognitive psy-
chology, there is ample evidence that the human brain has a great ability
to make quick and effective comparisons between alternatives and can
therefore be a valuable tool for science. Indeed, humans compare al-
ternatives and evaluate their differences to classify them into categories
to make more effective judgments [86]. The human brain uses com-
parisons all the time in language and thought. The ubiquitous use of
metaphors, analogies, and comparative judgments in natural language
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suggests the importance of this human cognitive ability [87].
Many experiments have shown that judgments, even those of ex-

perts, exhibit errors that violate the axioms of rationality [88,89]. Ad-
vances in science have provided insight into how the human mind
works. The brain is bombarded by millions of sensory impulses, but
consciousness can only process a low number of aspects at a time (seven
plus or minus two) [90]. The impulses must be condensed, ordered, and
interpreted under immense time pressure, making it impossible to avoid
errors and distortions [91]. Simon [16] coined the term bounded ra-
tionality to describe the natural inability of human beings to process all
available information, despite their constant intention to be rational.
This means that experts make judgments in which they do the best in-
formation processing they can within their cognitive and time con-
straints. The modeling of expert judgments cannot be the result of noisy
information signals that follow a purely random distribution [92–94]
but must be a reasonable consequence of the temporal and cognitive
limitations of the experts, depending on the degree of the level of
complexity of the choice.

The IBR proposes a theoretical framework in which the information
available in reality is complete and human limitations do not allow it to
be managed in its entirety [53]. The more precise the analysis or judg-
ment must be, the higher the level of information that must be pro-
cessed. The IBR proposes a relationship between the error and the
difference in performance between alternatives, which are key in
different methodological approaches such as the decision-maker’s

screening functions [95–97], the discrete choice theory [73,74], the
full-rank log-odds model [69–72], and the evolutionary algorithm the-
ories [98–100]. In fact, the IBR complements all these approaches by
allowing the existence of prior beliefs and linking the quality of the
outcome to the expertise of the person making the judgment.

The regularity of the IBR judgments (gi) is summarized in a proba-
bility function for each alternative as if it were a physical law of parti-
cles. Each expert expresses his/her judgment in favor of one of the
alternatives, with a certain degree of error. The expert’s ability to make
a correct judgment (gi) depends on his/her level of expertise (precision)
when it comes to processing information or signals (β) related to the
latent performance values (Vi) of the alternatives. In other words, this
approach allows one to establish the probability of the expert’s judg-
ments on the alternatives based on V and the expert’s precision β :

pgi = ϕ(V, β).
On the one hand, it is reasonable to assume that the probability of

making a choice error can be accurately captured by the differences
between the performance values of the alternatives, so tradeoffs be-
tween alternatives are expressed in terms of such differences. Since it is
also important to avoid scaling effects, the performance values of al-
ternatives are normalized prior to their computational processing: vi =

Vi∑n
k=1

Vk
. On the other hand, the importance of the parameter β resides in

its modeling of the expert’s ability to process information. If the expert
does not know anything about a problem, does not have the ability to

Fig. 1. Traditional process for evaluating DSSs.
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process information, or does not know what the relevant information is,
then β = 0, and all alternatives will have the same probability of being
chosen as the best regardless of their latent performances. High values of
β imply a high capacity to process information, and the higher the value
of β, the higher the probability of choosing as the best alternative the one
with the highest latent performance value.

For example, the probability of alternative Ai being chosen as the
best alternative (pgiA ) by an expert with a level of precision β based on a
holistic judgment of preference comparison (giA) is expressed by the
following formula:

pgiA =
eβvi

∑n

j=1
eβvj

=
1

1+
∑n

j∕=i
eβ(vj − vi)

. (4)

The probability of choosing an alternative other than Ai is
∑n

j∕=ipgjA =

1 − pgiA . Although any alternative has a probability of being chosen by
an expert, those alternatives that perform the worst are less likely to be
selected as the best alternative.

5. Coding the DSSs

The analysis of a DSS based on judgment of experts is proposed to be
carried out in three structural parts: 1) information requirements—the

systematic information required; 2) quality requirements—the mecha-
nisms used to ensure quality; 3) algorithms—the processing of the in-
formation using algorithms to provide a solution proposal (priority
vector).

5.1. Information requirements

Expert judgments are particularly valuable for those elements of the
problem that are difficult to quantify. For example, the evaluation of the
comfort or drivability of a car cannot be quantified with tools rather
than expert opinions or judgments. Each DSS determines which judg-
ments the expert can make, how many judgments are required for a
given set of alternatives, and the information content conveyed by each
of the judgments. For example, assume that we are interested in the
comfort of three cars (A, B, C) and DSS1 requires pairwise comparison
judgments (A vs. B; A vs. C; B vs. C), with the information content of
judgments being “very preferred to” (2.5), “preferred to” (1.5), “less
preferred to” (1/1.5), and “much less preferred to” (1/2.5). Thus, in
DSS1 a combination of judgments is denoted G(DSS1) = {gAB, gAC, gBC} and
each of its three judgments (|G(DSS1)| = 3) can take one of four values
in R = {1/2.5;1/1.5;1.5; 2.5}. A possible combination of judgments
would be G1(DSS1) = {g1AB = 1.5, g1AC = 2.5, g1BC = 1.5}. A generalized
coding of this part is not easy due to the diversity of DSS approaches, i.e.,

Fig. 2. New process for evaluating DSSs.
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the diverse nature of R, the semantics associated with each element of R,
and the evaluation of alternatives with elements of R. Despite this, some
illustrative examples of the procedure to obtain the necessary informa-
tion in our model are presented below. To simplify the problem, it will
be assumed that all the judgments made by an expert require a unit of
time for reflection and contribution.

The two main basic paradigms used to evaluate alternatives are
holistic evaluation and pairwise comparison evaluation [101]. As
already mentioned, the pairwise comparison evaluation of alternatives
requires a greater number of judgments n(n − 1)/2 than the holistic
evaluation of alternatives, where an expert is asked to rank the available
alternatives from highest to lowest and, therefore, only n judgments are
required.

In the presence of a set of criteria D = { D1, D2,…, Dd}, the following
decomposition approach is required. If B = {bij} is the normalized per-
formance matrix representing the scores of the alternative Ai with

respect to the criterion Dj

(
gij = bij

)
and w = {w1, w2, …,wd} is the

importance (weight) vector of the criteria set D
(
gi = wi

)
, then the

overall score of each alternative Ai is derived by applying an aggregation
operation, which could be the weighted average: vi =

∑d
j=1wjbij. In this

case, an expert must provide a set of weights and the normalized score of
each alternative Ai with respect to each of the criteria Dj over the
alternative Ai. Thus, a combination of judgments in the holistic decom-
position evaluation requires d+d⋅n( = |G(DSShol)| ) judgments, while a
combination of judgments in the pairwise evaluation requires d(d− 1)

2 +

d⋅ n(n− 1)2
(
= |G

(
DSSpai

)
|
)
judgments.

The “Borda” system is a well-known holistic DSS. Named after the
application proposed by Jean-Charles de Borda in 1770 [102], it is a
positional scoring rule that assigns a score to each of the n alternatives.
The most preferred alternative gets the maximum score of n, the
second-most preferred gets a score of n − 1, and so on. The system was
designed for voting processes on candidates and its goal was to allow
each expert to express a complete ranking of alternatives rather than just
indicating the best alternative. There is an isomorphism between the
performance values of alternatives and the set of score values R =

{n, n − 1,…, 2, 1} in the Borda system. In this system, an expert’s
combination of judgments requires n( = |G(DSSBor) | ) judgments.

The Ordering system, when applied without decomposition, is a
simple pairwise comparison system with a combination of judgments of
cardinality |G(DSSOrd)| = n(n − 1)/2 [42]. The expert compares two al-
ternatives (Ai, Aj) at a time and must express a judgment to reflect
whether the first alternative is the preferred alternative (gij = 1) or not, i.
e., the second alternative is the preferred alternative (gij = 0). Thus, R =

{0,1}. The reciprocity property, gji = 1 − gij, is usually imposed. In this
case, the relationship of judgments with performance values becomes gij
= 1 if Vi is greater than Vj. The priority vector of alternatives is obtained
by applying a scoring function (algorithm), such as ri =

∑n
j=1,i∕=jgij, that

assigns to the alternative Ai the number of alternatives not preferred to
(with a lower performance value than) Ai, followed by the ranking of
score values from highest to lowest.

The simple multi-attribute rating technique exploiting ranks
(SMARTER) is a holistic decomposition system with a combination of
judgments of cardinality |G(DSSSMA)| = d+d⋅n [40]. It is a DSS designed
according to the principles of multi-attribute utility theory [103], with
standardized performances bij representing the contribution of the
attribute Dj to the performance of the alternative Ai; the algorithm for
calculating the normalized performance of alternative Ai is vi =
∑m

j=1wjbij, and ranking the results from highest to lowest produces the
priority vector of alternatives.

The AHP is a pairwise decomposition system [104] (although it can
be used without decomposition). The expert is required to make pair-
wise judgments of relative comparisons of the importance of the d
criteria (Dj), quantifying them cardinally, i.e., zij = Di

Dj
is the pairwise

comparison of the importance of criteria Di with respect to the impor-
tance of criteria Dj. The solution algorithm constructs a reciprocal ma-
trix of the expert’s pairwise judgments Z =

(
zij
)

dxd, with the normalized

solution vector wz
(∑d

j wz
j = 1

)
of the equation (Z − dI)wz = 0 being

the weight of each criterion. Then, the expert is asked to compare al-
ternatives in pairs, based on their performances

(
Vi,k, Vj,k

)
with respect

to each criterion Dk, and provide pairwise comparison judgments aij,k =
Vi,k
Vj,k
. The described solution algorithm applied to the expert’s reciprocal

matrix of pairwise judgments for criterion Dk, Lk =
(
aij,k
)

nxn, gives a
normalized priority vector of alternatives for criterion Dk : wa,k
(∑n

i w
a,k
i = 1

)
. The algorithm for the final evaluation of the alternative

Ai is the weighted average: wi =
∑d

j=1wz
j ⋅w

a,j
i . The final priority vector

w = {w1, w2, …, wn}, ranked from highest to lowest, results in the
priority vector of alternatives, or the alternative proposed as a solution is
the one with the highest priority value, max

i
wi. An expert’s combination

of judgments G(DSSAHP) =
{
g12(z),…, g(d− 1)d(z), g12,k(a),…, gnd,k(a)

}

has cardinality |G(DSSAHP) | = d(d− 1)
2 + d⋅ n(n− 1)2 .

Once the combination of judgments of the DSS is identified, the sample
space of the combinations of judgments is obtained: γ

(
DSSy

)
=

{
G1
(
DSSy

)
,…, GM( DSSy

) }
. For a decision problem, the following

conjecture is plausible: the higher the cardinality of the combination of
judgments of a DSS, the more informative the DSS is for the decision
problem, and the higher its efficiency. Regardless, even in the case in
which this conjecture is true, the question worth answering is whether
the gain in efficiency obtained by increasing the information compen-
sates for the costs of such an increase in information.

5.2. Quality requirements

DSSs based on judgments handle “subjective” information, and it is
common for them to establish judgment selection mechanisms (quality
requirements) to guarantee the quality of the solution. Quality re-
quirements can be implemented prior to the DSS or can be integrated
into it. When they are prior, they are established as a cost outside the
system. The most common is based on the prestige or reputation of the
expert, which impacts the price of the judgments. DSSs that incorporate
quality constraints are based on the logical relationships of the judg-
ments provided by the expert. One of the most common is the require-
ment of the consistency of judgments. It is possible to implement a
consistency quality constraint in a pairwise comparison paradigm DSS
but not in a holistic paradigm DSS.

The Ordering information requirement would reject judgments that
violate the following transitivity of comparisons (ordinal consistency): if
Ai is preferred to Aj (Ai ≻ Aj) and Aj is preferred to Ak (Ak ≻ Ak), then Ai

is preferred to Ak (Ai ≻ Ak). Ordinal inconsistency has been proposed to
be measured as a function of the ratio between the number of intransi-
tive or circular triads (c) and the total number of triads: a circular triad is
a set of three alternatives

(
Ai, Aj, Ak

)
such that Ai ≻ Aj ≻ Ak ≻ Ai.

Kendall and Smith [45] proposed a coefficient that they called the
consistency coefficient (Ke). Gass [105] proved that the number of cir-
cular triads in a pairwise comparison of alternatives is c =

n(n− 1)(2n− 1)
12 −

1
2
∑n

i=1

(∑n
j=1gxij

)2
. In general, when Ke is above 0.75 (QR = Ke > 0.75),

[105] the combination of judgments provided by the expert (Gx(DSS)) is
acceptable.

In the AHP, the information requirement would reject judgments
that violate the following cardinal consistency: if Ai is preferred aij times
to Aj, Aj is preferred ajk times to Ak, and Ai is preferred aik times to Ak,
then aik = aij⋅ajk. Saaty presented in [104] a consistency ratio based on
the largest eigenvalue of Z and a random index RIn, CR = λmax − n

(n− 1)⋅RIn ,
which must be less than 0.1 (QR = CR < 0.1) for the combination of
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judgments expressed by the expert (Gx(DSS)) to be acceptable.
It is possible to calculate QR from the sample space γ(DSS), i.e., from

all possible combinations of judgments required by a DSS {G1(DSS), …,

GM(DSS)}, we can classify combinations of judgments into two classes:
acceptable and not acceptable. Since the IBRM allows the calculation of
the probability of each possible combination of judgments, it is possible to
calculate the probability that the DSS will reject a given quality
requirement mechanism (p(QR(DSS)) by adding the probabilities of the
unacceptable combinations of judgments.

When the requirement for consistency is cardinal (AHP), this is more
demanding than ordinal consistency (Ordering) because it is more likely
a non-consistency to appear. Pairwise comparison requires more judg-
ments than holistic comparison and can also eliminate judgments if they
do not meet the consistency requirements, something that holistic
evaluation does not allow. Therefore, the pairwise paradigm is much
more informative than the holistic system.

There is research that has quantified the contribution to the expected
performance of the AHP consistency requirement [28], but not its cost.
Research that has measured the consistency requirement contribution in
the AHP versus its contribution in the Ordering intuitively challenges
this statement [42].

5.3. Algorithms

Given a combination of judgments Gk(DSSy), the algorithm of DSSy
derives a priority vector of the alternatives Sk

(
DSSy

)
=
(
Ak1 ≻ Ak2 ≻ ⋯

≻ Akn
)
, and using the IBRM approach the performance of DSSy can be

calculated as follows (see Section 3.1, DSS Performance):

E
[
DSSy

]
=
∑m

k=1

pGk(DSSy)S
k. (5)

6. Case study

A decision scenario is set up to illustrate the modeling of the effi-
ciency of two DSSs, the AHP and the Ordering DSSs, with two different
quality requirements, with and without consistency, for two different
problems: the δ-type and ε-type problems. The decision scenario is set up
with the same parameter values used in [42]: β = 1, V1 = 62.5, V2 = 25,
and V3 = 10.

The consistency requirement will be explicitly stated by sub-indexing
the corresponding DSS: AHPwC and AHPwoC represent the AHP with and
without the consistency requirement, respectively. It is fair to say that
the AHP is more informative, more quality-demanding, and more
resolution-complex than the Ordering.

Information requirements: Since the Ordering and the AHP are
pairwise judgment approaches, both have the same combination of
judgments cardinality: n(n − 1)/2. The difference between them resides in
the requirement of the intensity of preference in the judgments by the
AHP.

Quality requirement: As mentioned in Section 4.2, the consistency
property in the AHP is cardinal, and in the Ordering, it is ordinal.
Therefore, the AHP is more demanding than the Ordering and
p(QR(AHPwC) ) > p(QR(OrdwC) ).

Algorithm: Although the algorithm complexity of the AHP is higher
than the algorithm complexity in the Ordering, this difference is not
significant with the current computing power and, therefore, the

computational cost is assumed to be zero for both DSSs.
The below IBRM relative pairwise comparison of performances is

used to compare the implementation of both the Ordering and the AHP
as DSSs in the considered decision scenario:

pgij =
e

β
Vi
Vj

e
β
Vi
Vj + eβ

Vj
Vi

=
1

e
β

(
Vj
Vi
−
Vi
Vj

)

+ 1

. (6)

• In the δ-type problem, the entire priority vector is important because
the goal is to eliminate the alternative with the worst performance.
The solution performance is the sum of the performances of all the
alternatives except the last one; when two alternatives are tied in a
priority vector, one of them is eliminated at random. Thus,

S123 = S213 = V1 + V2; S132 = S312 = V1 + V3;
S231 = S321 = V2 + V3; S1=2=3 = 2(V1 + V2 + V3)/3.

The combinations of judgments that have the same last alternative
are grouped and their probabilities are added. The expected perfor-
mance of the DSS is

The maximum performance in this decision scenario is
MVδ= 62.5 + 25 = 87.5.
The profit of ignorance, Eδ(PI), is the probability of eliminating

each alternative:

Eδ(PI) =
1
3
(V1+V2)+

1
3
(V1 +V3)+

1
3
(V2 + V3) = 65.

• In the ε-type problem, only the alternative with the highest perfor-
mance is selected. Thus, the first position of the priority vector is
important. Thus,

S123 = S132 = V1; S213 = S231 = V2;
S321 = S312 = V3; S1=2=3 = (V1 + V2 + V3)/3.

Rankings with the same first alternative are grouped, and their
probabilities are added according to pi =

∑n
j∕=i
∑n

k∕=i∕=j pSijk , with their
entry being the performance of the alternative considered best. In the
case of a tie, one is chosen at random:
p1 = pS123 + pS132 ; p2 = pS213 + pS231 ; p3 = pS321 + pS312 ; pS1=2=3 .
The expected performance of the DSS is

Eε(DSS) = p1V1 + p2V2+ p3V3+ pS1=2=3
(V1 + V2 + V3)

3
(8)

The maximum performance in this decision scenario is MVε= 62.5.
The profit of ignorance in the ε-type problem, Eε(PI), is

Eδ(DSS) =
(
pS123 + pS213

)
(V1 +V2)+

(
pS132 + pS312

)
(V1+V3)+

(
pS321 + pS231

)
(V2 +V3)+

(
pS1=2=3

)2(V1 + V2 + V3)
3

. (7)
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Eε(PI) =
1
3
V1 +

1
3
V2 +

1
3
V3 = 48.8333.

6.1. Ordering

The ********Ordering combination of judgments, G(Ord), is conve-
niently represented with a square matrix of judgments of dimension n,

G(Ord) =

⎛

⎝
g11 ⋯ g1n
⋮ ⋱ ⋮
gn1 ⋯ gnn

⎞

⎠, where gij ∈ R(Ord) = {0,1} (0: no prefer-

ence; 1: preference). The reciprocity of judgments gij = 1⟺gji = 0
implies n(n − 1)/2 judgments are required to completely construct ma-
trix G(Ord); |G(Ord)| = n(n − 1)/2.

In the decision scenario, the sample space of combinations of judg-
ments consists of eight matrices of judgments:

G1(Ord) =

⎛

⎝
− 1 1
0 − 1
0 0 −

⎞

⎠,G2(Ord) =

⎛

⎝
− 1 1
0 − 0
0 1 −

⎞

⎠,G3(Ord)

=

⎛

⎝
− 0 1
1 − 1
0 0 −

⎞

⎠,

G4(Ord) =

⎛

⎝
− 0 0
1 − 1
1 0 −

⎞

⎠,G5(Ord) =

⎛

⎝
− 1 0
0 − 0
1 1 −

⎞

⎠,G6(Ord)

=

⎛

⎝
− 0 0
1 − 0
1 1 −

⎞

⎠,

G7(Ord) =

⎛

⎝
− 1 0
0 − 1
1 0 −

⎞

⎠,G8(Ord) =

⎛

⎝
− 0 1
1 − 0
0 1 −

⎞

⎠.

Applying the Ordering algorithm ri =
∑n

j=1,i∕=jgij to G1(Ord) results in
r1 = 2, r2 = 1, r3 = 0, and the priority vector of alternatives
r1 > r2 > r3, which is denoted by S123

(
G1Ord)

)
. Similarly, the eight

priority vectors of alternatives obtained with OrdwoC are

S123
(
G1(Ord)

)
; S132(G2(Ord)); S213(G3(Ord));

S231(G4(Ord)); S312(G5(Ord)); S321(G6(Ord));

S1=2=3
(
G7(Ord)

)
= S1=2=3

(
G8(Ord)

)
.

InG7(Ord) andG8(Ord), r1 = r2 = r3 = 1, and a tie between the three
alternatives occurs. Computation details for the calculations below are
available in Appendix I.

6.1.1. δ-type problem

Ordering without consistency (OrdwoC). As per the IBRM, the
probability of each combination of judgments is obtained: pGk(OrdwoC) =

∏n

i∕=j
pgij , where pgij is computed according to Eq. (6). For example,

pG1(OrdwoC) = pS123(OrdwoC) = p12p23p13. According to Eq. (7), the ex-
pected performance of OrdwoC is

Eδ(OrdwoC) = 85.7216.

In this case, there are no quality requirements, so p(QR(OrdwC) =

0.
Ordering with consistency (OrdwC). The two combinations of
judgments G7(Ord), G8(Ord)) do not satisfy ordinal consistency and

are rejected. Since only consistent combinations of judgments are
considered, the expected performance of OrdwC is computed ac-
cording to Eq. (7) without the rejected combinations of judgments’
contributions (i.e., last right-hand term) and with the normalized
probabilities of the consistent combination of judgments: pGk(OrdwC) =

pGk(OrdwoC)/
∑6

k=1pGk(OrdwoC). Thus,

Eδ(OrdwC) = 86.3002.

The probability of rejecting a combination of judgments with ordinal
consistency is p(QR(OrdwC) = 1 −

∑6
k=1pGk(OrdwoC) = 0.0137.

6.1.2. ε-type problem

Ordering without consistency (OrdwoC). According to Eq. (8), the
expected performance of OrdwoC is

Eε(OrdwoC) = 58.4322.

Orderingwith consistency (OrdwC).As above, after eliminating the
inconsistent combinations of judgments, the expected performance of
OrdwC, based on Eq. (8) without its last right-hand term and the
normalized probabilities of the consistent combination of judgments, is

Eε(OrdwC) = 58.7916.

The probability of rejecting a combination of judgments with ordinal
consistency is p(QR(OrdwC) = 0.0137.

6.2. AHP

To allow a comparison with the ordering DSS, we will analyze the
AHP without decomposition (for details on the simplification and
application of the IBRM, see [42]).

An AHP combination of judgments, G(AHP), is also conveniently rep-
resented by a reciprocal square preference comparison matrix of

dimension n, G(AHP) = (gij), where gij

(

= 1
gji

)

is the expert’s judgment

about the number of times the performance of the alternative Ai, Vi, is
greater than the performance of the alternative Aj, Vj, with the simpli-
fication of only four intensity intervals being considered in this decision

scenario, i.e., R(AHP) =

{
25
4 ,

10
4 ,

4
10,

4
25

}

, with 25/4 indicating thatAi is

“extremely preferred” to Aj; 10/4 indicating that Ai is “preferred” to Aj;
4/10 indicating that Aj is “preferred” to Ai; and 4/25 indicating that Aj is
“extremely preferred” to Ai. Accordingly, |G(AHP) | = n(n − 1)/2. From

G(AHP) =
(
gij
)

n×n
, the priority vector S(AHP) = s = (s1,…, sn) is ob-

tained; this verifies gij = si/sj and
∑n

i si = 1. In the decision scenario, the
sample space of combinations of judgments has cardinality 64 = |γ(AHP)|.
As per the IBRM, the combination of judgment probability values

pGk(AHP) =
∏n

i∕=j
pgij , their consistency ratio CR(Gk(AHP)), and priority

vectors S
(
Gk(AHP)

)
are obtained.

6.2.1. δ-type problem

AHP without consistency (AHPwoC). The computations to obtain
the ranking (s) from the judgment matrix G(AHP) are more complex
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than with Ordering since they involve solving the equation (G(AHP)
− λmaxI)s = 0, although this is not an issue for modern computer
power. The expected performance of AHPwoC according to Eq. (7) is

Eδ(AHPwoC) = 85.9540.

AHP with consistency (AHPwC). A comparison matrix Gk(AHP) is
considered acceptable if CR

(
Gk(AHP)

)
< 0.1 [104]. In this case

study, nearly one out of five combinations of judgments are rejected:
p(QR(AHPwC) ) = 0.1949. The expected performance of AHPwC is
computed according to Eq. (7) without its last right-hand term and
the normalized probabilities of the consistent combination of
judgments:

Eδ(AHPwC) = 87.0605.

6.2.2. ε-type problem

AHP without consistency (AHPwoC). According to Eq. (8), the ex-
pected performance of AHPwoC is

Eε(AHPwoC) = 58.7366.

AHP with consistency (AHPwC). By removing non-consistent
matrices (CR(Gk(AHP)) > 0.1), the expected performance of
AHPwC, based on Eq. (8) without its last right-hand term and the
normalized probabilities of the consistent combination of judgments, is

Eε(AHPwC) = 61.4225.

6.3. Discussion
The analysis of the efficiency contributions, in the two proposed δ

and ε problems, of the different DSS parts is carried out with the
following four indicators:

1) DSS expected performance: E(DSSy);
2) Percentage of expected performance over maximum performance:

E%MV =
E(DSSy)
MV ;

3) Maximum admissible cost: MA = E
(
DSSy

)
− E(PI);

4) Break-even point: BEPy.
The procedure established by the model to obtain the proposed in-

dicators to evaluate the efficiency of the DSS is shown schematically in
Fig. 3.

At this point in the analysis, it is worth recalling that the existing
literature has identified increasing both the complexity and re-
quirements of a DSS as drivers for improving the DSS’s expected

performance. Table 1 shows the values of the four indicators for the
δ-type problem, while Table 2 shows the corresponding values for the
ε-type problem.

In both problems, the same expected performance ranking of the
DSSs is obtained: AHPwC ≻ OrdwC ≻ AHPwoC ≻ OrdwoC. Thus, the case
study suggests the following:

1. The requirement of consistency in a DSS increases its performance.
2. With the same consistency requirements, increasing the complexity
of the DSS increases its performance.

3. An increase in complexity on its own is not sufficient to guarantee an
increase in performance because OrdwC outperforms AHPwoC in both
problems.

4. Each DSS performs better on the δ-type problem than on the ε-type
problem, which indicates that considering the complete ranking of
alternatives has a positive effect on the performance of the DSS.

The above increases have a caveat: they can be categorized as
modest. First, the E%MV results indicate that the performances of all
DSSs are very close to the corresponding problem’s maximum perfor-
mance. The increase in performance is noticeable for the AHP only in the
ε-type problem, where it is more than 4 percentage points; otherwise,
the gain in performance is below 1 percentage point. The same
conclusion is observed when the complexity is increased with the same
consistency requirements. The increase in performance is only notice-
able in the ε-type problem with consistency, where it is more than 4
percentage points; otherwise, the gain in performance is below 1 per-
centage point. Although each DSS performs better on the δ-type problem
than on the ε-type problem, the gains in performance for AHPwC on the
δ-type problem with respect to the ε-type problem are less than a quarter
of a percentage point and, therefore, insignificant when compared with
the gains in performance of more than 4 percentage points by the other
three DSSs. The DSS that contributes most above the profit of ignorance

Fig. 3. Procedure for obtaining the indicators.

Table 1
Indicators in δ-type problem.

DSS E(DSS)(1) E%MV (2) MA (5) BEP (7)

OrdwoC 85.7216 97.97 % 20.7216 7.89 %
OrdwC 86.3002 98.63 % 21.3002 8.00 %
AHPwoC 85.9540 98.23 % 20.9540 7.98 %
AHPwC 87.0605 99.50 % 22.0605 7.03 %

Table 2
Indicators in ε-type problem.

DSS E(DSS)(1) E%MV (2) MA (5) BEP (7)

OrdwoC 58.4322 93.49 % 9.5989 5.12 %
OrdwC 58.7916 94.07 % 9.9583 5.24 %
AHPwoC 58.7366 93.98 % 9.9033 5.28 %
AHPwC 61.4225 98.28 % 12.5892 5.62 %
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is AHPwC. Thus, the joint contribution of an increase in complexity and
the consistency requirement is positively reflected in the value of the
maximum admissible costs in both problems.

Finally, recall that the greater the break-even point of a DSS, the
greater the cost per expert’s judgment the DSS can afford and, therefore,
the greater the DSS’s efficiency. These case study results suggest that the
DSSs are more efficient for the δ-type problem. Although the differences
in the efficiency values of the DSSs are small, especially within the same
problem, it is interesting to notice that while AHPwC is the most efficient
for the ε-type problem, it is the least efficient for the δ-type problem,
where OrdwC is the most efficient.

The DSS evaluation method proposed in this paper has several
unique advantages: i) it is a pioneering model to quantitatively evaluate
the efficiency of DSSs a priori (before their implementation); ii) it pro-
vides specific metrics to quantify the expected costs and benefits of DSSs;
iii) it allows systematic comparisons between different DSSs; iv) the
results have practical implications for managers and researchers; v) it
opens new lines of research by challenging the assumption that greater
complexity implies greater efficiency.

7. Conclusions

Human judgment represents valuable information in decision-
making, but the effort to accumulate knowledge and provide a judg-
ment has a price (cost), and it must be used to ensure that the effort
involved in achieving a decision is worthwhile. The literature has
attempted to minimize the impact of human error in DSSs by developing
complex systems that significantly increase the number of expert judg-
ments required, making DSSs inefficient. The wide spectrum of DSSs
developed has curtailed the in-depth study of DSS efficiency.

This paper proposes a systematic codification of DSSs to evaluate
their efficiency. The modeling in this paper is based on the identification
of the number of judgments required by DSSs in three parts: the infor-
mation requirements, the quality requirements, and the algorithms. The
proposed model obtains four indicators from the latent values of the
alternatives (exogenous variables): the expected performance, the per-
centage of the expected performance over the maximum performance,
the maximum admissible cost, and the break-even point. The expected
performance is the quantification of what can be expected from the
implementation of the DSS. The percentage of the expected performance
over the maximum performance indicates whether the DSS leaves much
or little room for improvement. The maximum admissible cost is the
expected gain over not implementing the DSS and therefore indicates
the amount that the total cost should never exceed. Finally, the break-
even point indicates the percentage of the maximum achievable per-
formance that can be paid for each expert judgment. This information is
essential for the operations manager, as it allows him/her to evaluate
his/her decision to implement a DSS a priori (before hiring/purchasing
the DSS) by providing guidance on the expected profits and the rates of
resources required by each DSS.

The case study shows how to apply the model to two specific DSSs
(Ordering and AHP). The results obtained from the analysis of the case
study presented in [42] are very impressive and can be used to inform
future DSSs. The case study confirmed that DSSs perform better on
δ-type problems than on ε-type problems. In δ-type problems, the in-
formation obtained is used to select several alternatives, and therefore,
greater profit opportunities are presented since more decisions are
made. This aspect is also manifested in the fact that DSSs contribute
more above the profit of ignorance in the δ-type problem than in the
ε-type problem. The requirement of consistency in a DSS increases its
performance, and increasing the complexity also increases the perfor-
mance of a DSS when it has the same consistency requirement. However,
the case study showed that an increase in complexity on its own is not
sufficient to guarantee an increase in performance because OrdwC out-
performs AHPwoC on both ε-type and δ-type problems.

The expected performance is not the only indicator used to evaluate a

DSS because it does not consider the cost of implementing the DSS. The
efficiency of a DSS, as measured by the break-even point, which is the
ratio of the maximum cost per expert’s judgment to the maximum per-
formance, has been proposed as an alternative indicator instead. The
most striking conclusion from the case study indicates that the AHP with
consistency is the most efficient DSS on the δ-type problem but the least
efficient on the ε-type problem. This “confirms and contradicts” the
intuitions expressed in [42] about how “very poor profit percentages can
lead to contradictory results depending on the problem posed.”

The analysis of the efficiency does not coincide with that of the
performance, because the costs show different patterns for different
DSSs. The case study shows the importance of not only establishing in-
formation requirements and quality requirements but also evaluating
their efficiency in different scenarios and problems. This approach em-
phasizes the importance of elements external to the DSSs, calling for
more research into the scenarios and types of problems that a priori
determine the efficiency of the different DSSs. Indeed, the results ob-
tained in this study call into question many of the efforts made by the
scientific community on the efficiency of DSSs since these efforts do not
account for their cost, which is shown herein to be a promising line of
research in evaluating the complex DSSs developed in recent years.

7.1. Limitations and future research
The main limitation of the proposed model is the enormous

computing power that it requires. The sample space is very large, and
the model must calculate all combinations of judgments and the proba-
bility of each of them. Thus, as the number of alternatives increases, the
number of combinations increases exponentially. Another limitation of
the proposed model is that the conceptual framework of bounded ra-
tionality is not the most widely used, and therefore its use requires an
entry cost to understand its philosophy. In addition, it requires a con-
ceptual depth to be maintained that does not later translate into alge-
braic complexity. However, we believe that the framework of bounded
rationality provides an opportunity given the enormous efforts in the
computer industry to increase the computational power of hardware.

In any case, the proposed efficiency model allows the comparison of
different DSSs (with different requirements on the number of judgments,
different quality requirements, etc.), and it facilitates the analysis of
DSSs in different scenarios (distribution of alternative performances) to
evaluate their sensitivity to the decision problem. It also allows one to
compare different paradigms, such as holistic versus pairwise evalua-
tion, and determine in which scenarios it is better to use a particular
DSS. It provides the opportunity to make modifications to parts of the
DSS (e.g., requiring or not requiring consistency) and analyze whether
this improves or worsens the DSS’s efficiency. From our point of view,
the proposed model opens a wide range of new and promising future
lines of research.
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C. Sáenz-Royo and F. Chiclana Applied Soft Computing 171 (2025) 112806 

11 



Formal analysis, Conceptualization.

Declaration of Competing Interest

The authors declare the following financial interests/personal re-
lationships which may be considered as potential competing interests.
Carlos Saenz Royo reports financial support, administrative support,
article publishing charges, equipment, drugs, or supplies, travel, and
writing assistance were provided by Spanish Ministerio de Economía y
Competitividad. Carlos Saenz Royo reports financial support, adminis-
trative support, article publishing charges, equipment, drugs, or sup-
plies, travel, and writing assistance were provided by Diputación
General de Aragón (DGA) and the European Social Fund. Carlos Saenz
Royo reports financial support, administrative support, article publish-
ing charges, equipment, drugs, or supplies, travel, and writing assistance
were provided by Spanish State Research Agency. If there are other
authors, they declare that they have no known competing financial in-
terests or personal relationships that could have appeared to influence
the work reported in this paper.

Data Availability

No data was used for the research described in the article.

References

[1] R.L. Keeney, Value-focused thinking: a path to creative decisionmaking, Harvard
Univ. Press, Cambridge, Mass., 1992.
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[5] C. Sáenz-Royo, J. Fleta-Asín, Evaluating blockchain as a participatory
organisational system: looking for transaction efficiency, Int. Trans. Oper. Res.
(2023).

[6] A.S. Ullah, M. Noor-E-Alam, Big data driven graphical information based fuzzy
multi criteria decision making, Appl. Soft Comput. 63 (2018) 23–38.

[7] H.A. Simon, The new science of management decision., Harper & Brothers, New
York, 1960. https://doi.org/10.1037/13978-000.

[8] G. Phillips-Wren, M. Daly, F. Burstein, Reconciling business intelligence, analytics
and decision support systems: more data, deeper insight, Decis. Support Syst. 146
(2021) 113560, https://doi.org/10.1016/j.dss.2021.113560.

[9] N.G. Carr, IT doesn’t matter, Educ. Rev. 38 (2003) 24–38.
[10] E. Brynjolfsson, L.M. Hitt, Beyond the productivity paradox, Commun. ACM 41

(1998) 49–55.
[11] S. Devaraj, R. Kohli, The IT payoff: measuring the business value of information

technology investments, Ft Press, 2002.
[12] R. Kohli, S. Devaraj, Measuring information technology payoff: a meta-analysis of

structural variables in firm-level empirical research, Inf. Syst. Res. 14 (2003)
127–145.

[13] R.D. Banker, R.J. Kauffman, 50th anniversary article: the evolution of research on
information systems: A fiftieth-year survey of the literature in management
science, Manag. Sci. 50 (2004) 281–298.
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decision support model for ranking regional transport infrastructure programmes
based on performance assessment, Expert Syst. Appl. 222 (2023) 119852.

[26] D.J. Pedregal, New algorithms for automatic modelling and forecasting of
decision support systems, Decis. Support Syst. 148 (2021) 113585.

[27] F. Liu, M.-Y. Qiu, W.-G. Zhang, An uncertainty-induced axiomatic foundation of
the analytic hierarchy process and its implication, Expert Syst. Appl. 183 (2021)
115427, https://doi.org/10.1016/j.eswa.2021.115427.
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