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A B S T R A C T

Despite the prevalence of Decision Support Systems (DSSs) in the field of decision-making, there is a paucity of 
research dedicated to the evaluation and comparison of these systems. This paper put forward a novel approach 
to symbolically encoding a DSS, which enables the generalization of comparisons between DSSs for any distri
bution of performances of the alternatives. The only hypothesis required in the proposed methodology is that the 
probability of choosing each alternative is proportional to its latent performance. The approach developed is 
demonstrated with its application to compare two paradigms commonly employed in DSS: holistic versus 
pairwise. Using a set of three alternatives, the present study provides mathematical proof that a DSS based on the 
pairwise comparison paradigm achieves higher expected performance than a DSS based on the holistic evalua
tion paradigm. This result challenges the emerging preference for holistic evaluation of alternatives and suggests 
that this result may apply to any number of alternatives.

1. Introduction

A Decision Support Systems (DSSs) is used to describe an integrated 
system of algorithms to collect, structure, and process information on a 
decision problem in an attempt to discover the performance of a set of 
(feasible decision) alternatives [1–4]. Specifically, this paper focuses on 
the priority vector of the set of alternatives generated by DSSs with in
formation on the alternatives represented by the expert’s judgments 
regarding their performance based on the expert’s comparisons between 
alternatives. Currently, there is no consensus on the key elements that 
determine the quality and effectiveness of these DSSs. Furthermore, the 
comparison of these systems is an understudied area of research.

Unstructured decisions seek to respond to dynamic problems 
pervaded by uncertainty and, therefore, they lack prior systematized 
information, making it difficult to formalize the relationships between 
variables [5] and becoming expert’s judgments to be the crucial source 
of information [6–10]. Since many DSSs are based on expert judgments 
as information, an important relevant research question to address 
concerns their comparative analysis “a priori” (before soliciting expert 
input) to determine the optimal DSS for addressing the specific problem 
at hand.

To reveal which DSS exploits best the decision information, a 

comparison of different DSSs based on their expected performance with 
respect to different distributions of the latent performances of the al
ternatives is carried out. Latent performance refers to the real but un
observable value of each alternative, which exists independently of the 
experts’ judgments. This value represents the objective utility or desir
ability of each alternative under the criteria considered.

The comparison of different DSSs based on experts’ judgments is a 
challenging task to model due to the numerous existent decision-making 
approaches and their diverse characteristics. In addition, the perfor
mances of the alternatives may also be difficult to determine a priori 
and, sometimes, even a posteriori (after the decision has been made), 
especially when it is only possible to quantify the performance of the 
course of action but not of all the alternatives [11]. Thus, to reveal which 
DSS exploits best the decision information, an a priory approach to 
compare DSSs is based on their expected performance with respect to 
different distributions of the latent performances of the alternatives, 
while a posteriori performance measures used in existent research re
ported in the literature include the level of consensus [12–15], the level 
of expert consistency [16,17], and sensitivity analyzes [18,19], among 
others.

In any case, it is challenging to compare the performance of DSSs that 
are difficult to quantify. Traditionally, it has been assumed that the 
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higher the level of information collected by a DSS, the higher its per
formance would be. Most comparative studies between DSSs informed 
by experts’ judgments are descriptive in nature and focus on analyzing 
differences with regard to their underlying methodology. Consequently, 
the findings are often difficult to generalize. Within this category of 
comparative studies, we can cite the empirical work by Opricovic and 
Tzeng [20] on how the application of different techniques can yield 
disparate conclusions; Wallenius et al. [21] analysis of the popularity of 
decision-making techniques based on the number of times they had been 
used in the literature as a proxy to derive a ranking of “quality;” Tri
antaphyllou [22] comprehensive comparison of decision-making tech
niques based on a sensitivity analysis of decision outcomes with regard 
to various parameters; Belton [23] “a priori” theoretical and “a poste
riori” practical mathematical analysis of how different decision-making 
techniques model expert judgments. There is, though, a paucity of 
studies that propose a priori comparisons between DSSs. The most 
notable study is that of Zanakis et al. [24], in which scenarios with 
different numbers of alternatives, criteria, and distributions are simu
lated to analyze the degree of similarity between the compared 
decision-making techniques. In general, to the best of our knowledge, 
the evaluation of DSSs has been limited to sensitivity analysis, consensus 
levels, and some simulation analysis. No study has specified the supe
riority of a DSS but only differences between the compared DSSs as 
reviewed above.

This paper proposes an approach based on Simon’s conceptual 
framework of bounded rationality[5,25,26]. This framework hypothe
sizes that there is a unique correct priority vector of the alternatives and 
that different priority vectors result from the inability of a DSS to 
manage all the available decision information. This framework diverges 
from the traditional framework for DSS based on expert judgments, 
which posits a non-deterministic (utility or other) or unknown perfor
mance of the alternatives [27], thereby impeding the ability to distin
guish between errors of judgment or differences in preferences. The 
absence of a clearly defined objective necessitates a comprehensive 
examination of each problem [28] and a degree of flexibility on the part 
of the DSS to adapt to the specific circumstances of the problem [29]. 
This traditional framework acknowledges the challenges associated with 
aggregating and comparing judgments, and the contribution of a DSS 
must be substantiated through indirect measures, such as the level of 
agreement, consistency, or resilience of the result (an analysis of the 
different aspects to consider can be obtained from [30,31]).

This paper put forward a novel methodology for the a priori 
comparative analysis of DSSs, wherein the probability of selecting each 
alternative is used as the primary metric. The proposed approach rep
resents a shift in research focus, and it necessitates a novel method of 
encoding DSSs. The proposed modeling approach is based on the regu
larities of human judgments and the computation of performance dis
tributions of the alternatives, and it is designed to contribute to the 
systematization and generalization of DSS analyzes beyond the scope of 
case studies because it does not necessitate the establishment of a spe
cific scenario and computes the DSS’s expected performance value by 
appropriately substituting the latent performances of the alternatives. 
Therefore, this paper research contribution addresses the a priori 
comparative analysis of DSSs issue with a fully symbolic modeling 
approach of a DSS that elucidates the configuration of the priority vector 
of alternatives and ultimately facilitates a more comprehensive under
standing of the design of DSSs. This constitutes a significant contribution 
to the existing literature on a posteriori comparison approaches (for a set 
of given judgments) and the shortage of a priori comparison approaches 
(simulations with a distribution of performance of alternatives to which 
a known distribution error is added). Moreover, the proposed method
ology is of interest to company managers and directors because it pro
vides an understanding of the potential profit percentage gains that 
could be achieved through the implementation of specific DSSs. For 
researchers in this field, the proposed method offers a means of justi
fying the development of new DSSs through a comparison of their 

efficiency across a range of potential scenarios.
One of the techniques proposed to improve decision performance is 

based on the principle of “simplification,” which suggests that complex 
problems can be broken down into smaller, more manageable problems 
whose solutions are subsequently aggregated methodologically to 
obtain the solution to the original complex problem [32]. On the one 
hand, making simple judgments has been demonstrated to enhance 
several psychometric properties, including convergent validity and 
temporal stability, thereby facilitating greater precision in judgments 
[33–36]. On the other hand, the statistical properties of DSSs have been 
shown to exhibit lower variances in the final decision [37,38]. The most 
commonly used DSSs, such as the Analytic Hierarchy Process (AHP) 
[39], ELECTRE [40], and PROMETHEE [41], are based on the principle 
of simplification applied to the comparison of the set of alternatives 
through their pairwise comparisons. Since a significant drawback of this 
approach is the high number of judgments needed from experts and its 
corresponding computational resources from the DSS [42], other 
scholars argue that a comprehensive assessment of potential options is 
essential, citing several reasons for this approach: (i) it is a more accu
rate method than making partial pairwise comparisons of alternatives 
[43,44]; (ii) it reduces the cognitive load required of experts when 
making a large number of pairwise comparisons of alternatives [45]; 
(iii) it captures interactions and synergies in the decision that may be 
lost when making pairwise comparisons of alternatives [46]; (iv) it 
circumvents the scaling and normalization issues associated with 
aggregating simple pairwise comparison judgments [47]; (v) it is a more 
“natural” means of expressing preferences in a direct and comprehensive 
manner [48]; (vi) it accelerates the decision-making process by elimi
nating the need for extensive elicitation of preferences or consistency 
[42], which can have significant in expected performance [49,50]; (vii) 
it permits the incorporation of emotional responses, intuition, and other 
intangible factors into the evaluation process [51]; (viii) it is more 
resistant to change over time [52]; and (ix) experts are more likely to be 
invested in decisions made through a holistic approach [53]. One of the 
disadvantages of this approach is that a single judgment does not pro
vide insight into the reasoning that led the expert to express their 
opinion. This lack of transparency makes it challenging to audit the 
decision-making process.

The majority of studies assume the superiority of the pairwise com
parison paradigm [54–60], although this assumption has not been 
mathematically demonstrated. This may be because the comparison has 
not been adequately modeled. This paper investigates the possibility of 
demonstrating that a DSS based on a pairwise comparison of alternatives 
has a higher expected performance value than a DSS based on a holistic 
evaluation of alternatives in all possible scenarios. This is done in the 
context of experts’ judgments that show regularities in the probabilities 
of success and failure in the case of three alternatives. However, the 
proposed model allows the inequality to be computed for any number of 
alternatives, with no limitation other than the computational capacity of 
the mathematical software used for resolution.

The rest of the paper is organized as follows. Section 2 presents a new 
proposal for modeling DSSs to allow for a general comparison approach 
to DSSs. Section 3 analyzes the representations of regularities in experts’ 
judgments, linking this concept with Simon’s concept of bounded ra
tionality [61]. This Section proposes an approach to represent both the 
holistic evaluation of alternatives and the pairwise comparison of al
ternatives. Section 4 demonstrates the superiority, regarding the ex
pected performance value, of the pairwise comparison paradigm, i.e. it is 
proved that the pairwise comparison of alternatives paradigm has a 
higher expected performance value than the holistic comparison of al
ternatives paradigm. Section 5 discusses some results of the proposed 
model and suggests potential future research avenues among the mul
tiple possibilities provided by the new modeling. Section 6 presents the 
main conclusions of this research study.
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2. Model

DSSs based on experts’ judgments are particularly valuable for 
problems that are challenging to quantify and for which no prior in
formation is available. Generalized modeling of judgments is a complex 
undertaking due to the considerable number of DSS approaches. Having 
said this, the objective of the proposed modeling herein is to obtain all 
possible combinations of judgments required by a DSS to compute the 
probability of choosing each of the feasible alternatives. Furthermore, 
we aim to work with this probability function symbolically, for which it 
is required only that the probability of choosing each alternative is 
related to its performance value via an increasing function (elaborated 
in Section 3). Without loss of generality, it is assumed that there is a set 
of different (positive) latent performance values V = {V1, ...,Vn} asso
ciated with a set of n alternatives A = {A1, ...,An}. The assumption of 
having different latent performance values is based on the retention of 
only one of any two alternatives with the same latent performance value.

A DSS based on judgments can be viewed as a function with input 
variables the expert’s judgments and precision values (gix(r) represents 
the judgment on how alternative Ai performs with respect to x, with a 
precision value r ∈ R), and with output variable a priority vector 
(ranking) of the alternatives (s): 

s = DSS(g1x(r),…, gnx(r)). (1) 

The number of judgments (M) for a “combination of judgments” 
denoted G = (g1x(r),…, gnx(r)), with |G| = M, and the precision scale (R) 
are determined by the considered DSS. The “combination of judgments” 
depends on the comparison of alternatives paradigm used by the DSS. 
Indeed, a DSS based on the pairwise comparison of alternatives para
digm requires M = n(n − 1)/2 judgments gij(r) (i< j) representing the 
expert’s intensity of the preference of alternative Ai over alternative Aj 

as modeled with precision r ∈ R; a DSS based on the holistic comparison 
of alternatives paradigm does not require intensity of precision because 
the expert requires to provide just a single judgment identifying which 
of the alternatives is the best, i.e. a combination of judgment is repre
sented as a unitary vector giA = (0, 0, ..., 1, ..., 0). In the pairwise 
comparison of alternatives paradigm, the precision r ∈ R refers to the 
quantification of the intensity of the preference when comparing two 
alternatives; different scales are possible, with the simplest scale of 
preference having cardinality 2, R = {0,1}, used to represent 
“preferred” (r = 1) vs. “less preferred” (r = 0); a finer scale of cardi
nality 4, R = {4, 2, 1/2, 1/4}, may be used to represent intensity of 
preference as follows: “very preferred” (r = 4); “preferred” (r = 2); “less 
preferred” (r = 1/2); “much less preferred” (r = 1/4).

The universe of events (γ) comprises all combinations of judgments (K)
that an expert can express, γ =

(
G1, ..., GK), which depends on the 

granularity of the precision scale (R) and the number of judgments (M). 
The K values for the pairwise comparison of alternatives paradigm and 
the holistic comparison of alternatives paradigm are Rn(n− 1)/2, and n, 
respectively. Unless it is necessary to explicitly state the precision scale, 
the comparative judgment gix(r) will be denoted simply as gix . Since it is 
assumed that the probability of an expert making a particular judgment 
is a function (increasing) of the performance of the alternative, then the 
combination of judgments Gk will be assigned the probability value pGk =

∏n

i
pgk

ix
, where pgix denotes the probability of the comparative judgment 

gix(r). From a combination of judgments, a priority vector of alternatives is 
derived. Thus, the probability that the DSS chooses alternative Ai, pAi , is 
obtained as the sum of the probability values of all combinations of 
judgments in γ with priority vector having Ai as the best alternative. As it 
has been described, these probability values of alternatives are obtained 
symbolically, i.e. without the need to know the performances of the 
alternatives but the quantification of the expert’s judgments on the set of 
alternatives. These symbolic probability values of alternatives are used 
to compute the expected performance value of a DSS and, therefore, it 

will be possible to compare different DSSs as per their expected per
formance values.

This proposed modeling can be synthesized in 7 steps: 

Step 1. Determine the number of judgments and the precision of the 
DSS comparison paradigm.
Step 2. Assign a probability value to each judgment-precision.
Step 3. List all combinations of judgments (universe of events).
Step 4. Compute the symbolic probability value of each combination 
of judgments.
Step 5. Derive the priority vector of each combination of judgments.
Step 6. Compute the symbolic probability of choosing each 
alternative.
Step 7. DSSs are compared using their corresponding symbolic 
probability values of alternatives.

The following subsections justify the use of an increasing probability 
function on the performance values of the alternatives and its applica
tion to the holistic and pairwise comparison paradigms.

3. Alternative judgment probability and alternative 
performance values

The work of Luce [62] was pioneering in providing a theoretical 
justification for modeling choice as a probabilistic process. This 
modeling is compatible with empirical evidence supporting the possi
bility of experts showing intransitive and inconsistent preferences, while 
also manifesting well the limited capacity of experts to discriminate 
small differences in performance between alternatives. Luce proposes a 
choice rule where the probability of choosing an alternative is propor
tional to its performance compared to other available alternatives. This 
captures the relative nature of choice by showing how its probabilistic 
theory fits well with experimental data of choice between alternatives.

Luce’s proposal serves as a pivotal reference point for the subsequent 
evolution of probabilistic choice theories. Luce’s approach results in the 
summarization of the information processing of each expert in the form 
of a probability function for each alternative. This is done as if it were a 
physical law governing the behavior of a particle. Each expert (decision- 
maker) expresses their judgment in each relationship in favor of one of 
the alternatives with a certain level of error. In other words, the 
decision-maker aims to anticipate the value of the corresponding latent 
performances of the alternatives through the analysis of information 
signals.

The logic behind the fact that the probability of choice of the alter
natives is proportional to their performances is that the human judgment 
has less probability of error when the performances of the alternatives 
have very disparate values than when the performance values are very 
similar. The expert’s mental comparison means that each alternative 
will have a probability of being chosen proportional to the latent per
formance, which indicates that human judgment is more likely to get it 
right than to fail.

To avoid scale effects, the performances of alternatives are normal
ized vi = Vi/

∑n
k=1 Vk. Luce proposes the existence of a function that 

relates the latent performances of the compared alternatives and the 
probability of choosing each alternative: pi = ϑi(v1,…,vn), where pi is the 
probability of choosing alternative Ai. There are some theories that 
model the probabilistic distribution of human choice, which according 
to their functional form can be grouped into two classes:

Proportional representation: the most prominent theories that use this 
representation are those of proportional selection theories in evolu
tionary algorithms [63–65]. These theories, when transferred to the 
decision framework, maintain the idea that natural selection occurs 
proportionally to performance. The main algorithms are “Odds” [66,67] 
and “Fitness proportionate selection” [68,69]. In this group, the prob
ability of choosing alternative Ai has the form: 
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pi =
vi

∑n
j=1vk

=

Vi∑n
k=1

Vk
∑n

j=1
Vi∑n
k=1

Vk

(2) 

Representation based on logistic function: The most notable theories 
that use this representation are: i) the discrete choice theory [70,71], 
which justifies the logistic functional form because it is the one that fits 
best the empirical evidence of error distributions of decision makers; ii) 
the full-range log-odds model [72–75], which establishes a relationship 
between four constructs (true judgment, error, overconfidence, and 
response) and the logistic function reproduces the empirical regularities 
found in error; and iii) the Intentional Bounded Rationality (IBR) 
methodology [76], which justifies this functional form as a consequence 
of the human way of thinking which only makes an effort to improve its 
precision if the balance is positive (greater performance obtained by 
improving the precision minus the effort required). In this group, the 
probability of choosing alternative Ai has the form: 

pi =
evi

∑n
j=1evj

=
1

1 +
∑n

j∕=ievj − vi
=

1
1 +

∑n
j∕=ie

− (vi − vj)
(3) 

The IBR theory is worthy of further consideration due to its enhanced 
capacity for representing a broader range of phenomena with greater 
generality. Its main hypothesis is that all information is available but 
human limitations do not allow it to be handled, which leads to errors. 
Simon’s concept of bounded rationality [61] inspires this theoretical 
framework: when making decisions, experts do the best information 
processing they can within their limitations (decisions are not purely 
random). Thus, according to the IBR theory, people’s fallibility is 
assumed not to be the result of noisy information signals [37,38,77,78] 
but the consequence of bounded but intentional rationality. The more 
precise the analysis or judgment must be, the higher the level of infor
mation that must be processed. Trade-offs between alternatives are 
expressed in relative terms because it is reasonable to assume that the 
probability of making a choice error is captured more accurately by the 
differences between the alternatives’ performance values: vi − vj.

The IBR maintains that the ability to anticipate the performance of 
each alternative depends on the expertise of the individual by adding to 
Eq. (3) a parameter β( ≥ 0) associated with the human capital of the 
expert. Thus, the IBR defines the probability with which the expert 
chooses an alternative Ai as: 

pβi = pβ(Ai) =
eβvi

∑n
j=1eβvj

=
1

1 +
∑n

j∕=ie
− β(vi − vj)

. (4) 

Notice, that with value β = 1 Eq. (4) becomes Eq. (3), so this last 
model is more general. In the IBR theoretical framework, the error is a 
consequence of the expert’s inability to process all the information 
signals that perfectly anticipate the performance of every one of the 
alternatives, which is captured via the parameter β. The parameter β is 
important because it measures the expert’s ability to process informa
tion. When the expert knows nothing about a problem, i.e. when an 
expert does not have the ability to process information or does not know 
what the relevant information is, then β = 0, and all alternatives have 
the same probability of being chosen regardless of their latent perfor
mance values. High values of β imply a high capacity to process infor
mation (little effort to do so), which increases the probability of 
choosing the best alternative. When the expert is infallible (β = ∞), then 
the expert can judge all comparisons without error. In this theoretical 
framework, the expert can process as much information as he/she 
considers appropriate, reducing the error; however, he/she maintains a 
difficult balance, making the cost of the required effort less than the 
benefit of reducing error. In the extreme cases β = ∞ and β = 0, it does 
not make sense to use a DSS, and structuring the expert’s judgments is 
irrelevant because the expected performance of all DSSs will be the 
same.

The IBR framework has been used in the literature to analyze aspects 

that are difficult to evaluate in empirical work (omission errors, influ
ence relationships, expertise levels, systems reliability, etc.). Some ex
amples are the analysis of the impact of influence-communication 
networks on group performance [79–81]; the influence of participation 
in innovation decisions [82,83]; the value of time in decision-making 
[49]; the theoretical advantages of blockchain technology [84]; and 
the way to combine expertise, diversity, and number of members in 
steering committees [8]. In all these theoretical studies the expert is 
attracted to what is correct to a greater degree than to what is incorrect 
as a physical law, a property that allows the development of DSS that 
improves the expected performance value.

This work makes a significant contribution to the field by proposing a 
novel coding system that aims to establish a general representation 
encompassing all the approaches described in Eqs. (2), (3), and (4). In 
this system, the probability of selecting alternative Ai is defined as 
follows: 

pi =
Bi

∑n
j=1Bj

(5) 

where Bi can be replaced by any of the representations: 

i) Bi = vi if we accept the representation established by evolu
tionary theories.

ii) Bi = evi if we accept the representation established by the 
discrete choice theory or the full-range log-odds theory.

iii) Bi = eβvi if we accept the representation established by the IBR 
theory.

In general, it can be assumed that Bi = f(Vi) with f a real positive 
increasing function. This change of variable is an important contribution 
since it allows us to propose a new symbolic model that maintains the 
generality of the calculations. The alternatives can be denoted in such a 
way that the subscript i establishes the ranking of their performance 
without loss of generality. In this way the alternative A1 will have the 
highest latent performance, A2 the second highest and so on up to An 
which will have the lowest performance. This notation allows to keep in 
mind that depending on the subscript of B its value will be higher or 
lower and with this property symbolic manipulations of the codings of 
the studied DSS can be done. Thus, the results obtained in the symbolic 
manipulations of Section 4 are valid for any of the three functional forms 
described in the three groups of theories, the only necessary condition 
being the fact that the probability of choice of each alternative is pro
portional to its latent performance as shown in Eq. (5).

3.1. Holistic evaluation of alternatives paradigm

The holistic evaluation of alternatives paradigm performs a com
parison of all alternatives simultaneously, obtaining the probability of 
choosing each alternative. This approach aims to represent how an in
dividual faces a series of alternatives among which he/she can only 
choose one of them. The expert anticipates a normalized value for each 
of the alternatives V̂i/

∑n
k=1 V̂k, while their real normalized perfor

mances Vi/
∑n

k=1 Vk are latent. The difference between judgment and 
reality, denoted as ui, is a random error: 

V̂ i
∑n

k=1 V̂k
=

Vi
∑n

k=1Vk
+ ui 

The error is defined for a specific choice situation, and for the in
formation that has been processed in that situation. Thus, the charac
teristics of ui will depend on how the expert processes the information. If 
the expert were able to anticipate with absolute precision the value of all 
the alternatives, the error value would be zero for all alternatives.

The probability that the expert chooses the alternative Ai compared 
to the other alternatives (holistic choice) will be: 
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p(Ai)
h
= ph

i = Prob
(

V̂ i
∑n

k=1 V̂k
>

V̂ j
∑n

k=1 V̂k
|∀i ∕= j

)

= Prob
(

Vi
∑n

k=1Vk
+ ui >

Vj
∑n

k=1Vk
+ uj|∀i ∕= j

)

= Prob
(

uj − ui <
Vi − Vj
∑n

k=1Vk

⃒
⃒
⃒
⃒∀i ∕= j

)

(6) 

Therefore, if the difference between the errors is lower than the 
difference between the true normalized performances of the alterna
tives, the best alternative will be chosen. Thus, if we denote the random 
error by wi = (wi1, wi2,…, win), where wij = uj − ui, and its joint density 
function is h(w), then the probability that the expert chooses the alter
native Ai holistically becomes: 

ph
i =

∫

w

I
[

wij <
Vi − Vj
∑n

k=1Vk

⃒
⃒
⃒
⃒∀i ∕= j

]

h(w)dw (7) 

Depending on the theoretical framework chosen, Eq. (7) will adopt 
the functional form of natural selection models (Eq. (2)), discrete choice 
models, full-range log-odds models (Eq. (3)), or IBR models (Eq. (4) with 
individual expertise represented by parameter β).

3.2. Pairwise comparison of alternatives paradigm

Keeney and Raiffa [85] argue that complex problems can be solved 
by breaking them down into simpler problems, while Ravinder et al. 
[38] and Ravinder [37] show statistically that this approach reduces 
error variance. In a decision problem with a finite set of alternatives, one 
of the most used simplification approaches to deal with the difficulty of 
choosing the best alternative is to focus on pairs of alternatives. The use 
of pairwise comparisons of alternatives has its origins in psychological 
studies [34,36] which claim that making judgments about two alter
natives at a time is easier and more accurate than making simultaneous 
judgments about all the alternatives. In addition, pairwise comparisons 
of alternatives allow the consistency (coherence) of judgments to be 
cross-checked.

With pairwise comparisons of alternatives Eq. (6) becomes: 

pij = Prob
(

uj − ui <
Vi − Vj
∑n

k=1Vk

)

(8) 

Judgment probability distributions proportional to performance do 
not establish purely random errors but rather assume the existence of a 
relationship between decision difficulty and error. Thus, in the IBR 
framework, when applied to a pair of alternatives being compared, 

(
Ai,

Aj
)
, Eq. (4) provides the probability of choosing the first alternative Ai 

when compared to the second one Aj: 

pij =
eβvi

eβvi + eβvj
=

1
1 + eβ(vj − vi)

=

⎛

⎜
⎝1 + e

β
Vj − Vi
Vi+Vj

⎞

⎟
⎠

− 1

(9) 

Thus, experts do not need to estimate specific values of the 
normalized performances of the alternatives, V̂1/

∑n
k=1 V̂k, V̂2 

/
∑n

k=1 V̂k, …, V̂n/
∑n

k=1 V̂k; it is enough to estimate the difference in 
performance between two alternatives through a judgment relationship.

One of the simplest DSS based on pairwise comparison is Ordering 
[42]. Since it is assumed that the performances of alternatives are all 
different, experts’ judgments can only express preference (not indiffer
ence). A variable is established for each pairwise judgment (r̂ ij): when 
the expert judges the performance of the alternative Ai greater than that 
of the alternative Aj (Ai preferred to Aj), it is r̂ ij = 1 ∧ r̂ ji = 0; while 
when the expert judges Aj preferred to Ai, it is ̂rij = 0 ∧ r̂ ji = 1. The final 
assessment of the alternative Ai will be the sum of its favorable pairwise 
judgments r̂ i =

∑n
j=1;j∕=i r̂ ij. The chosen alternative is the one with the 

greatest number of favorable pairwise comparisons: max
i

r̂ i.

The IBR Method (IBRM) proposed in [7] details the probabilistic 
convolution process of choosing each alternative. In the pairwise com
parison of a set of three alternatives 

{
Ai, Aj, Ak

}
, the probability that 

alternative Ai is chosen as best is the probability of choosing Ai when 
compared to Aj multiplied by the probability of choosing Ai when 
compared to Ak : pij⋅pik. If two or more alternatives receive the same 
number of favorable judgments, then their probability is distributed 
equally between them.

Notice that IBR Eq. (9) is based on the exponential function and 
therefore it is a positive and increasing function with respect to the 
difference Vi − Vj. Since (i) β Vj − Vi

Vi+Vj
→ − ∞ ⇒ pij→ 1, (ii) β Vj − Vi

Vi+Vj
= 0 ⇒ 

pij = 0.5, and (iii) β Vj − Vi
Vi+Vj

→+ ∞ ⇒ pij→ 0, it is obvious that the equal
ities and inequalities of the natural selection models of Eq. (2) are 
respected when the performance values of the alternatives are positive, 
and in the IBR case too: (i) β Vj − Vi

Vi+Vj
→ − ∞ iff Vj − Vi < 0 ∧ β→ − ∞ ; 

(ii) β Vj − Vi
Vi+Vj

= 0 iff Vj − Vi = 0∨ β = 0; (iii) β Vj − Vi
Vi+Vj

→+ ∞ iff Vj − Vi > 0 ∧

β→+ ∞.
Saaty’s AHP [86] is also a very popular DSS based on the pairwise 

comparison of the alternatives paradigm that has led other researchers 
to propose decision approaches based on this methodology on areas such 
as supplier selection [87,88], production capability [89], and evaluating 
Industry 4.0 technology [90].

4. Holistic DSS vs. pairwise comparison DSS

DSSs based on experts’ judgments enhance the efficacy of human 
decision-making processes and imbue the processing of information 
with scientific rigor [1,2]. A DSS comprises two constituent elements: (i) 
the enhancement of deficiencies in human judgment and (ii) the math
ematical evaluation of these processes [91].

Some DSSs have been developed with consideration of the charac
teristics of individual experts, including their level of experience [92] 
and reputation [93], as well as their judgments, such as the presence of 
hesitation [94,95] and consistency [39,96]. The mechanisms developed 
for a DSS aim to maximize its expected performance value.

The diversity and complexity of DSSs make their evaluation and 
comparison a challenging task. Several approaches have been used to 
analyze and compare the efficiency of different DSSs: provision of de
cision problems where different DSSs lead to different outcomes [20]; 
simulation of scenarios to analyze the divergences of the different DSSs 
[24]; sensitivity analysis of different DSSs to specific decision making 
parameters [97]; effect of the method used to represent the scale of 
verbal priorities expressed by experts in the different DSSs [98]; the 
analysis of distribution of group error versus the distribution of expert 
error for different DSSs [99]; the representation of alternatives into at
tributes to reduce error within each DSSs [37]; the resilience of the al
gorithms of the different DSSs [100]; the probabilistic convolution of 
choosing each alternative by the different DSSs [101]. The approach 
chosen in the present article differs in that the superiority of the pairwise 
comparison of alternatives paradigm over the holistic evaluation of al
ternatives paradigm is demonstrated theoretically since it only requires 
that the probability distribution of the judgments is proportional to the 
performances of the alternatives.

The existent holistic versus decomposition approach [102] is 
different from the approach proposed in this paper, which is the reason 
why the term paradigm is used instead. Thus, herein, a holistic paradigm 
means that the best alternative of a set of feasible alternatives requires a 
single judgment from an expert, while a pairwise paradigm means that 
the best alternative of a set of feasible alternatives requires n(n − 1)/2 
judgments from an expert. Differentiating between these two paradigms 
is particularly useful since most complex DSSs use one of these forms as 
the basis for their structuring. For example, Condorcet’s Jury Theorem 
[103] enhances the individual holistic decision as described above with 
a group-decision majority rule. The ranking system proposed by Borda 
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[104] can be considered a holistic sequential system. DSSs based on the 
decomposition principle [102] include a holistic (SMARTER, [105]) or a 
pairwise comparison process (AHP, [106]) to assign criteria importance 
values. Thus, in this paper, the pairwise comparison is considered a basic 
decomposition and is justified as a way to facilitate the cognitive process 
of eliciting preferences that simplifies the decision process [107].

A practical example might be asking 100 expert analysts to evaluate 
which of three mutual funds will have the highest value at a future date. 
One can ask if the evaluation be done holistically, simply by giving their 
judgment on which will be the best, or by requiring the experts to 
perform a pairwise comparison of the three mutual funds. This same 
example could be done with tennis players or with other domains. Our 
work asks which of the two paradigms (holistic vs. pairwise) performs 
better if the experts have the same probability distribution when making 
pairwise comparisons as when making holistic comparisons. While an 
example may be illustrative, it is important to maintain the distinction 
between the theoretical validity of the model and its empirical appli
cation. The main value of the model lies in identifying fundamental 
regularities in the decision process, specifically whether there is a sys
tematic superiority of the pairwise comparison paradigm over the ho
listic one or vice versa (see the statement of Lemma 2).

Without loss of generality, it is assumed three alternatives {A1, A2,

A3} with ordered positive performance values: V1 > V2 > V3 > 0. The 
probability convolution of choosing the alternative A1 through pairwise 
comparison with “ordering”, pp

1, consists of two addends: (1) the prob
ability of being preferred in all comparisons: A1 > A2;A1 > A3; (2) the 
product of multiplying the probabilities of ties resulting from the non- 
transitive circular arrangements, A1 > A2;A2 > A3;A3 > A1 and A2 >

A1;A1 > A3; A3 > A2 (when the expert shows a tie between the three 
alternatives), and the probability that the alternative is chosen randomly 
among the alternatives tied (1/3). Thus, we derive the following pair
wise comparison probabilities of alternatives: 

pp
1 = p12⋅p13 +

1
3
p12⋅p23⋅p31 +

1
3
p21⋅p32⋅p13 (10) 

pp
2 = p21⋅p23 +

1
3
p12⋅p23⋅p31 +

1
3
p21⋅p32⋅p13 (11) 

pp
3 = p32⋅p31 +

1
3
p12⋅p23⋅p31 +

1
3
p21⋅p32⋅p13 (12) 

The subsequent result demonstrates that if the probabilities assigned 
by experts are proportional to a real positive increasing function of the 
performance values of the alternatives, as per Eq. (5), then the proba
bilities associated with the two circular tie orderings previously 
described are equal.

Lemma 1. If the probability distribution of the judgements of an 
expert verifies Eq. (5), then the probabilities of the two circular tie or
derings are equal: 

p12⋅p23⋅p31 = p21⋅p32⋅p13.

Proof. Applying Eq. (5) yields 

p12 =
B1

B1 +B2
; p13 =

B1

B1+B3
;p23 =

B2

B2 +B3
; p21 =

B2

B1 +B2
; p31 =

B3

B1 +B3
; p32

=
B3

B2 +B3
.

Therefore, it is: 

p12⋅p23⋅p31 =
B1

B1 + B2

B2

B2 + B3

B3

B1 + B3
=

B2

B1 + B2

B3

B2 + B3

B1

B1 + B3

= p21⋅p32⋅p13 ■ 

Thus, when the probability distribution of the judgements of an 
expert is described by Eqs. (5), (10), (11), and (12) are obtained as the 

sum of two terms: 

pp
1 = p12⋅p13 +

2
3
p12⋅p23⋅p31 

pp
2 = p21⋅p23 +

2
3
p12⋅p23⋅p31 

pp
3 = p32⋅p31 +

2
3
p12⋅p23⋅p31 

The probability of choosing an alternative with the holistic evalua
tion with probability distribution of the judgements of an expert 
described by Eq. (5) are 

ph
i =

Bi

B1 + B2 + B3
; i ∈ {1,2, 3}

The following results state that if the probabilities of the judgments 
of an expert are proportional to a real positive increase function of the 
performance values of the alternatives, as per Eq. (5), then for the best 
performing alternative the holistic probability value is lower than the 
pairwise comparison probability value while for the worst performing 
alternative, the holistic probability value is higher than the pairwise 
comparison probability value.

Lemma 2. If the probability distribution of the judgements of an 
expert verifies Eq. (5), then

ph
1 < pp

1 ∧ ph
3 > pp

3.

Proof. Notice that 

pp
1 − ph

1 =
B1

B1 + B2

B1

B1 + B3
+

2
3

B1

B1 + B2

B2

B2 + B3

B3

B1 + B3
−

B1

B1 + B2 + B3 

and B1 > B2 > B3 > 0 because V1 > V2 > V3 > 0. Algebraic manipula
tion of the right-hand side yields: 

pp
1 − ph

1 =
B1B2B3(2B1 − B2 − B3)

(B1 + B2)(B1 + B3)(B2 + B3)(B1 + B2 + B3)

Since 2B1 − B2 − B3 > 0, we conclude that pp
1 − ph

1 > 0 and the 
inequality ph

1 < pp
1 is true.

Similarly, 

pp
3 − ph

3 =
− B1B2B3(B1 + B2 − 2B3)

(B1 + B2)(B1 + B3)(B2 + B3)(B1 + B2 + B3)

Since B1 + B2 − 2B3 > 0, we conclude that pp
3 − ph

3 < 0 and the 
inequality pp

3 < ph
3 is true.■

The following results prove that for any two DSSs that verify the 
above property, the DSS having a higher probability of choosing the best 
alternative and a lower probability of choosing the worst alternative will 
be more efficient in the sense of having a higher expected performance 
value.

Lemma 3. Let S1 and S2 be two different DSSs and {V1,V2,V3} the 
latent performance values of three alternatives {A1, A2, A3} such that 
V1 > V2 > V3 > 0. If the probability distribution of the judgements of an 
expert verifies Eq. (5), then: 

pS1
1 < pS2

1 ∧ pS1
3 > pS2

3 ⇒V1pS1
1 + V2pS1

2 + V3pS1
3 < V1pS2

1 + V2pS2
2 + V3pS2

3 

Proof. On the one hand, since pS1
1 < pS2

1 ∧ pS1
3 > pS2

3 , there exist 0 <

x ≤ 1 − pS1
1 and 0 < y ≤ pS1

3 such that 

pS2
1 = pS1

1 + x ∧ pS2
3 = pS1

3 − y.

On the other hand, it is 
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pS2
2 = 1 − pS2

1 − pS2
3 = 1 − pS1

1 − x − pS1
3 + y =

(
1 − pS1

1 − pS1
3
)
+ y − x

= pS1
2 + y − x.

Thus, it is 

V1pS1
1 + V2pS1

2 + V3pS1
3 = V1pS2

1 + V2pS2
2 + V3pS2

3 + x(V2 − V1)

+ y(V3 − V2).

The conditions V1 > V2 > V3, and x, y > 0, imply that x(V2 − V1) +

y(V3 − V2) < 0, which is equivalent to 

V1pS1
1 + V2pS1

2 + V3pS1
3 < V1pS2

1 + V2pS2
2 + V3pS2

3 .

This completes the proof.■

Notice that the joint application of the above results leads to the 
following conclusion: The pairwise comparison paradigm returns a 
higher expected value than the holistic paradigm for the case of three 
alternatives. The following corollary of the above results is derived.

Corollary. Under the assumptions of Lemma 1, the expected per
formance value of a pairwise comparison DSS is higher than the ex
pected performance value of the holistic DSS no matter the probability 
values of choosing the middle alternative with any of the two DSSs.

Notice that 

pp
2 − ph

2 =
− B1B2B3(B1 − 2B2 + B3)

(B1 + B2)(B1 + B3)(B2 + B3)(B1 + B2 + B3)
.

Since B1 − 2B2 + B3 can take on any sign, we have that the following 
relation between the holistic probability value and the pairwise com
parison probability value of choosing the middle alternative: 

(i) if B2 = B3+B1
2 , it is pp

2 = ph
2;

(ii) if B2 > B3+B1
2 , it is pp

2 > ph
2;

(iii) if B2 < B3+B1
2 , it is pp

2 < ph
2.

Under the assumptions of Lemma 1; Lemma 2 is applicable, and we 
conclude that 

pp
1 = ph

1 +
− B1B2B3(B2 + B3 − 2B1)

(B1 + B2)(B1 + B3)(B2 + B3)(B1 + B2 + B3)
;

pp
2 = ph

2 +
− B1B2B3(B3 + B1 − 2B2)

(B1 + B2)(B1 + B3)(B2 + B3)(B1 + B2 + B3)

pp
3 = ph

3 +
− B1B2B3(B2 + B1 − 2B3)

(B1 + B2)(B1 + B3)(B2 + B3)(B1 + B2 + B3)
.

From Lemma 3 above, this would give the following expected per
formance gain of the pairwise paradigm versus the holistic parading: 

V1
− B1B2B3(B2 + B3 − 2B1)

(B1 + B2)(B1 + B3)(B2 + B3)(B1 + B2 + B3)

+ V2
− B1B2B3(B3 + B1 − 2B2)

(B1 + B2)(B1 + B3)(B2 + B3)(B1 + B2 + B3)

+ V3
− B1B2B3(B2 + B1 − 2B3)

(B1 + B2)(B1 + B3)(B2 + B3)(B1 + B2 + B3)

5. Discussion

The novelty of the comparison approach proposed in this paper is 
that it differs from existing approaches in the literature. The proposed 
modeling in this paper studies initially the judgments required by the 
DSS (coding step). Rather than establishing scenarios, all combinations of 
possible judgments are obtained (space of events) to symbolically deter
mine the probability of each alternative generated by the DSS.

This modeling approach enables the determination of the superiority 
(if it exists) of one DSS over another and the quantification of the dif
ference in any scenario (distribution of latent performances) by simply 

imputing specific values into the mathematical expressions obtained. 
The results obtained are important because they are general in nature: 

(i) They are not the product of a simulation for a set of specific values 
given for the performance values of the alternatives.

(ii) They do not depend on the specific probability distribution of 
random errors.

(iii) They require only that the probability distribution of the judge
ments of an expert about the alternatives are proportional to a 
real positive increasing function of the performance values of the 
alternatives, an assumption that is widely supported by empirical 
data, as demonstrated by the numerous references cited in Sec
tion 3 of [76].

(iv) An a priori analysis (before the experts make their judgments) is 
provided that is useful for managers, because it allows them to 
choose a DSS according to their problem to solve, and for re
searchers because it allows them to demonstrate the gains of 
modifications in the DSS of their interest.

(v) A general analysis of the contributions to accuracy of the different 
parts of the DSS can be carried out.

A promising research direction would be to find out how the distri
bution of latent performances (mean and variance) increases the ex
pected performance of the pairwise comparison paradigm. In the case of 
the IBR methodology, the additional parameter representing the 
expertise level of the expert (β) may also affect the performance of the 
DSS. Moreover, as per the proposed modeling in this paper, increasing 
the level of expertise of the expert will increase the difference in ex
pected performance between the holistic paradigm and the pairwise 
paradigm because the probability of choosing the best alternative in
creases exponentially with respect to β. This result is relevant for man
agers because it allows them to analyze the price that they would be 
willing to pay for each expert based on their level of expertise.

Inconsistency management is one of the most studied aspects of a 
DSS [108,109]. The proposed modeling allows a general evaluation of 
the contribution of ordinal inconsistency to the expected performance of 
a DSS. The pairwise probability value consists of two addends, the first 
one representing the probability that alternative A1 is chosen 
( B1
B1+B2

B1
B1+B3

), while the second addend (2
3

B1
B1+B2

B2
B2+B3

B3
B1+B3

) represents a 
random choice of alternative when the expert shows inconsistent judg
ments (circular preference, ordinal inconsistency). The establishment of 
alternative systems to the random distribution of this probability can be 
quantified in the proposed modeling.

We conjecture that the regularities of the proportional probabilities 
found for three alternatives are valid for the general case n > 3. This 
conjecture is based on a total of more than a million simulations carried 
out for n = 4, 5, 6 and 7 with different normalized performance dis
tributions, which suggest that the superiority of the pairwise paradigm 
over the holistic paradigm. Summarizing, the modeling proposed in this 
paper contributes to the systematization and generalization of DSS 
analysis, which will have important implications for its structuring.

6. Conclusions

The evaluation of DSSs quantifies their contribution based on the 
expected performance value of their outcomes. The probabilistic con
volutions that DSS assigns to each alternative is an unexplored line of 
research worth developing that can provide important advances in all 
algorithms that use as key information the judgments of experts. This 
paper proposes a modeling that overcomes the traditional barriers of 
DSS analysis, which is limited to a given set of judgments (a particular 
case) or a simulation of scenarios with different performances of the 
alternatives. Our proposal shows how to model DSS algorithms to obtain 
a priori information about their expected performance, with the only 
necessary condition imposed being that the probability of choosing each 
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alternative is proportional to its latent performance, a regularity of 
human judgments that has been corroborated in numerous works and 
modeling.

This a priori vision is significantly important to managers because it 
enables them to ascertain the optimal DSS for addressing a specific 
problem at hand. For scientists, it facilitates a more profound exami
nation of the potential of the proposed DSS models and the role of their 
constituent components.

To illustrate the proposed modeling, two fundamental paradigms 
frequently utilized in the literature have been contrasted: the holistic 
evaluation of alternatives and the pairwise comparison of alternatives. 
The latter has been implemented in well-known DSSs: AHP, ELECTRE, 
PROMETHEE, while the former has been applied in simpler DSSs such as 
the Borda rule [104] or the SMARTER [105]. In the existing literature, 
there are arguments for requesting that experts provide holistic judg
ments: (i) they allow to establish a direct link between “preferences and 
the recommendation delivered;” (ii) they are generally carried out in a 
“single space” while pairwise comparisons are made in “different 
spaces”; (iii) experts feel more comfortable making holistic judgments 
about a set of alternatives [110]; (iv) increasing the number of judg
ments can generate overload, deteriorating their quality as evidenced in 
[111–114]. This paper addresses the mentioned doubts about these two 
paradigms because it demonstrates that when the empirical regularities 
found in human judgment are met, the pairwise comparison paradigm 
results in superior expected performance values than the holistic para
digm for any performance distribution of three alternatives and for any 
level of experience of the individuals involved.

The comparison of the two paradigms with three alternatives has 
allowed to show the philosophy of our modeling with manual calcula
tions. Although the model has been illustrated for three alternatives, our 
modeling allows it to be evaluated symbolically for any number of al
ternatives n without any limitation other than the computational ca
pacity of the mathematical software used. We conjecture, based on our 
simulations for n = 4, 5, 6 and 7, that the superiority of the pairwise 
model over the holistic one holds for any n.

The proposed modeling methodology enables the examination of 
how the distribution of latent performances (mean and variance) in
fluences the maximum performance of each model, thereby determining 
the sensitivity of consistency or the sensitivity to the expertise of the 
individuals. Our approach allows for the determination (quantification) 
of the superiority (if it exists) of one DSS over another, thereby 
contributing to the systematization and generalization of DSS analysis.

In general, the majority of DSSs are based on one of two paradigms. 
However, there are a few that propose mixed methods approach, such as 
the Best-Worst Multi-Criteria (BWM) [45]. The BWM model introduces a 
second stage wherein the expert must identify the best and the worst 
criteria, in a holistic way, and then perform the pairwise comparison 
with respect to these two. The BWM model justifies the use of a holistic 
evaluation approach because the gains in expected performance value 
do not outweigh the resource needs by using only a pairwise comparison 
approach. Indeed, the result of a pairwise comparison based DSS re
quires a significant number of judgments and other calculations [42], 
which entails a greater cost than a corresponding holistic-based DSS. 
Thus, a cost-benefit evaluation of DSS represents a promising avenue for 
future research, provided that the probabilistic convolutions of the 
evaluated systems are obtained.
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[82] C. Sáenz-Royo, Á. Lozano-Rojo, Authoritarianism versus participation in 
innovation decisions, Technovation 124 (2023) 102741, https://doi.org/ 
10.1016/j.technovation.2023.102741.

[83] C. Shang, R. Zhang, X. Zhu, Comparison and design of organizational decision 
mechanisms, Decis. Support. Syst. 178 (2024) 114141.
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[104] J.-C. de Borda, Mémoire sur les élections au scrutin, Histoire de l’Académie 
Royale des Sciences 12 (1781).

[105] F.H. Barron, B.E. Barrett, The efficacy of SMARTER—simple multi-attribute rating 
technique extended to ranking, Acta Psychol. (Amst.) 93 (1996) 23–36.

[106] T.L. Saaty, A scaling method for priorities in hierarchical structures, J. Math. 
Psychol. 15 (1977) 234–281, https://doi.org/10.1016/0022-2496(77)90033-5.
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