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Abstract

Expert analysis and decisions are highly valued assets in a wide variety of fields, from social
services to grant funding committees. However, the use of experts can be prohibitive due
to either lack of availability or cost. As such, it is desirable to be able to replicate such
decisions. However, there are many obstacles that impede an accurate simulation of expert
decisions. For example, despite looking at the same information, two experts may disagree
on the decisions. In addition, a single expert may make inconsistent decisions across similar
scenarios.

In this work, we focus on multi-criteria decision making and in particular, in the case of
multiple experts (ME-MCDM). We examine how multi-criteria decision making techniques
can address the multi-experts dimension of the problem, as well as how argumentation
networks can inform us about how to aggregate the multiple experts’ decisions.

Questions that we consider include: (1) How do we determine which expert(s) we should
listen to in the event of a disagreement? (2) How do we detect inconsistencies in expert
decisions, and (3) How do those inconsistencies impact who we should listen to?

We look at experts’ decision data in the area of software quality assessment, and we
analyze automated decisions that results from using non-discriminatory techniques (tech-
niques that take all decisions — even conflicting — into account with the same importance).
We reconsider these data, explore the use of argumentation networks, and reflect on the
relevance of such approach. We report the results of our preliminary observations and we

propose directions for future work.
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Chapter 1

Introduction

Expert decisions play a very important role in many fields, including, but not limited
to, software quality assessment. In software quality assessment for instance, a number of
experts will judge a software according to a variety of criteria/features. These features can
include understandability, flexibility, and effectiveness. Each of these experts judges
the software as a whole, and then a final judgement on the software is made
based on these experts’ determinations of the quality.

For example, to decide if a student is academically at-risk or may pose a violent threat,
a student risk assessment is performed. A student risk assessment is based on evaluating
numerous criteria, including their personality, behavior, their relationship with their peers,
their home life, and recent life events. In addition, when a student risk assessment is
performed, it is usually done by an interdisciplinary threat-assessment team. This team
can include people such as school-based personnel, social workers, and faith leaders [1].
However, because these people come from wildly different professional backgrounds, they
are likely to disagree on various matters which might lead them to making very different
recommendations for the at-risk student, or disagree if the student is even at-risk.

There are several major issues that make the expert decision-making process difficult.
One of these is the fact that experts may be unable to come to a consensus due to major
disagreements about the item they are assessing. We wish to be able to resolve these
disagreements in such a way that is fair to all experts involved. Another major problem
is that experts can often make wildly inconsistent judgements on multiple items, and we
would like to take this inconsistency into account in the final decision-making process.

Another major issue with expert decision-making involves predicting expert decisions in



advance. Convening a group of experts can often-times be very time consuming and costly.
Having a machine that can predict, or even automate, expert decisions could potentially
increase efficiency in these decision-making processes drastically.

Previously, these issues were addressed by identifying weights to be associated to each
criterion or feature [17] or to groups of criteria or features, and by then aggregating these
weights. This could be done for instance by extracting data known as fuzzy measures [9]
from a non-additive measure known as the Choquet integral. With this process, the weights
of criteria, as well as the weights of the intersection of these criteria were extracted from
previously-assessed items. However, this process has a number of flaws. For one, the num-
ber of variables in the fuzzy measure that must be extracted grows exponentially with the
number of criteria, and is therefore not scalable. Another issue is that this process weighs
all expert evaluations equally. As stated before, experts can often contradict themselves
and we wish to take this into account when evaluating their decisions in determining a final
result. To resolve these issues, we attempt to solve this problem using a new semantic, the
abstract argumentation framework.

An abstract argumentation framework [11] is a set of positions, or arguments, and a
set of binary relations between these arguments in the form of attacks. This semantic is
used to help formalize disagreements and conflicts. In addition to arguments and attacks,
argumentation frameworks have subsets of arguments that meet certain criteria, known as
extensions. For example, a conflict-free set is a set of arguments such that no argument in
the set is attacked by another in the set. These extensions are useful because they help us
find which arguments we should listen to, and which ones we should ignore. To help put
these frameworks in a form that can be understood by a computer, and for the computer to
help us find the various extensions of these frameworks, we use a special program known as
the ConArg tool [7]. We use this tool extensively in our research to determine the quality
of our model of this problem.

In this work, we attempt to apply abstract argumentation frameworks to multi-expert

multi-criteria decision-making by creating a model that we believe covers the important



aspects of the decision-making process. These aspects include arguments that cover criteria
assessment, total quality assessment, and the final judgement; as well as attacks that cover
expert disagreements and contradictions. We then create sample data using this model, run
it using the ConArg tool — an argumentation framework dedicated solver, and compare the
results to that of fuzzy measure extraction. Finally, we analyze what advantages our model
has over previous work — namely fuzzy-measure-based MEMCDM, and how this model can

be improved in future work.



Chapter 2

Background

2.1 Multi-Criteria Decision Making (MCDM)

There are many cases where an expert or group of experts need to make a decision on
something based on a set of given criteria. For example, a panel at a funding agency or at
a scientific journal may decide to fund a project or to publish a paper depending on several
factors, such as the value of the work, how detailed the information is, how well sourced it
is, and how clear the writing is.

The situation identified above is called Multi-Criteria Decision-Making (MCDM) [24].
MCDM involves selecting one of several different alternatives, based on the individual
assessment of a set of criteria that describe the alternatives. However, there are numerous
problems that make comparing these alternatives difficult. The major issue is that various
criteria may be non-comparable [24]. For example, when choosing between different cars,
two different criteria may be price and mileage. How do you compare these two criteria?

There exist several methods for addressing these issues.

2.1.1 Approaches to MCDM

If we are to predict and check the consistency of expert decisions, we need an algorithm
that will give us the total quality decision based on the decisions of the individual criteria.
The simplest way to do this is to represent the satisfaction level of the total quality as a

weighted sum of the satisfaction levels of the individual criteria [13].

Definition 1 A weighted sum is a sum ¢; X k1 + ...+ ¢, X k, where k; is the ith weighted



criterion and c; is the weight of k; such that ¢; € [0,1] and ¢1 + ...+ ¢, = 1. The sum give

us the total value of the item in question.

This method is not only simple, but allows for each individual decision maker to alter the
satisfaction levels and weights to match their personal preferences. However, this method
assumes that all criteria are independent of one another, which is often not the case [8].
Therefore, we need another method that takes criteria dependence into consideration.

Fortunately, weighted sums aren’t the only way to compare alternatives. Other methods
exist, such as the Analytic Hierarchy Process (AHP) [21] and the Elimination et Choice
Translating Reality method (ELECTRE) [20]. In this paper, we will focus on non-additive
measures, or Fuzzy measures [9]. Fuzzy measures use variables that not only take each
criterion into account, but the intersection of the criteria, as well. These variables are then

aggregated with a function known as the Choquet Integral [15].

2.1.2 Fuzzy Measures

Since criteria dependency is something that needs to be considered, we need a way to
measure the satisfaction levels of criteria that takes these dependencies into account. Fuzzy
measures gives us such a way by measuring the satisfaction levels of unions of criteria as

separate from the satisfaction levels of the individual criteria.

Definition 2 [9] Let A be a finite set and P(A) be the power set of A. A fuzzy measure

is a set function p : P(A) — [0, 1] satisfying the following conditions.

3.9f X, Y CAand X CY, then u(X) < u(Y)

The idea is that rather than only giving each criteria an individual weight, we also give

each combination of criteria an individual weight. However, the weights of two disjoint sets



do not necessarily add up to the weight of their union (u(A) + u(B) # u(A U B)). Hence,
fuzzy measures are also known as non-additive measures.

The question then arises as to how one would use fuzzy measures to evaluate alterna-
tives and make a judgement? Since they’re non-additive, we can’t use the weighted sum

approach. The solution is to use what is known as the Choquet Integral.

Definition 3 Let u;(x;) be the level of satisfaction associated with criterion x;, sorted such

that uy (1) < ug(z2) ... < up(xy,). Let m(A;) be the fuzzy measure on A; = [i,i+1,...,n].

Then the Choquet integral [15] on the set X is given by: > u;(z;) - (m(A4;) — m(Ai1))
i=1

7

However, fuzzy measures, due to being mapped to a power set, have exponential growth
with the number of criteria we have. Can we find a better way to judge something based

on multiple criteria?

2.2 Multi-Experts MCDM

In many real-world cases, such as software analysis or a thesis panel, it is not only a single
expert evaluating criteria and making judgements. Often, there are multiple experts tasked
with evaluation of the topic in question. In this case, each expert is going to evaluate it
individually, and must come to a consensus in regards to the quality of the software, or
other subject of discussion. This adds a whole new layer of complexity to the problem at
hand.

What happens when we have a group of decision makers that must come to some sort
of consensus? For example, a panel of experts making a decision on the quality of a piece of
software. This is known as multi-expert multi-criteria decision making (MEMCDM) [23]. In
these cases, we have several new problems that we must address. One problem is prediction
of expert decisions. Gathering multiple experts to evaluate an item and come to a decision
is very time-consuming and expensive. We wish to be able to predict expert decisions

in order to quickly and efficiently determine their evaluations. Another problem is how to



handle expert disagreements and therefore come to a consensus in the first place. As stated
before, different decision makers are going to have different preferences, and therefore come
to different conclusions based on the same set of alternatives. We therefore must come up
with a system to decide which experts to listen to in which situations. For this purpose we

decide to use argumentation frameworks to model the problem.

2.2.1 Definition of the Problem

Multi-expert multi-criteria decision making is when a set of n experts {E; ... E,} must
evaluate one or more items based upon a set of i criteria {C ... C;}. Each of these criteria
is given a ranking {Q; ... Qx}, and a final decision about the item @y is given based on
these decisions [23].

With multiple experts judging the same thing, we run into several problems. The most
apparent one is handling expert disagreements. Experts aren’t going to agree 100 percent
of the time, and when they do disagree, we must be ready to figure out who is right,
or potentially compromise. This can mean not only resolving the conflict based on the
current situation, but also evaluating the history of the experts. A veteran expert with
a long history of good decisions should probably be trusted more than a rookie expert
with a more spotted record. However, even then, people with good track records can be
wrong, and we would be poorly served by always giving them the final say. So the question

remains, “How do we come to a consensus?”.

2.2.2 Voting Systems

We have successfully defined a system whereby multiple experts pass judgement on an item.
However, in the end, we need to make some sort of final call on the item in question, using
the experts’ individual judgements to determine the result. This is where a voting system
comes in.

A voting system [18| is any system that collects a series of individual preferences, and



outputs a total social preference. While there are a large number of possible voting systems,

an “ideal” voting system should exemplify 6 qualities:

1. Universal Domain — All sets of valid individual preferences must yield a valid social

preference

2. Completeness and Transitivity — The voting system must always return a definite

output (completeness), and the output must always be consistent (transitivity).

3. Positive Association — If an individual places an item at a higher preference than

before, that item should not become lower in the social preference order.

4. Independence of Irrelevant Alternatives — The social preference of two alternatives
(A & B) should only depend on how voters rank those alternatives, and not a third

alternative (C)

5. Non-Imposition — The social preference must not be independent of the individual

preferences

6. Non-Dictatorship — The social preference cannot be determined solely by the prefer-

ence of one individual

However, there is a problem with making an “ideal” voting system. Arrow’s Impossibility
Theorem states that there cannot exist a voting systems that exemplifies all qualities of an
ideal voting system. [3]

While this is a good guide about what makes a good voting system, and why a “perfect”
voting system doesn’t exist, it doesn’t answer what kind of voting systems are available,
much less which one we should use. The first thing we consider is how many winners we
can have. There are voting systems that support multiple winners, and others that support
a single winner. Since we want a single final judgement on what the experts are evaluating,

our focus is on single winner systems.



The most common form of a single winner voting system is first-past-the-post (FPTP),
or plurality [18]. FPTP simply means that each voter chooses a single candidate, and the
candidate with the most votes wins. This system can be expanded further with a runoff
system. In a runoff system, there are multiple rounds of voting where candidates who
receive less votes are eliminated until one candidate reaches a certain threshold of votes
(usually 51%). In our model, multiple experts are choosing between multiple ranking to
give the total quality of the item in question, and only one ranking can ultimately be given
to the item. However, there are usually more than two rankings that can be given to the
total quality. For this reason, we feel that a runoff voting system would be most suitable
for our model.

Other single winner voting systems exist, such as ranked voting [25] and rated vot-
ing [25]. In ranked voting, voters rank candidates from most to least preferred. There are
several methods of evaluating these ballots, such as instant-runoff voting. In rated voting,

voters give each candidate a “grade”, and the candidate with the best total grade is chosen.

2.2.3 Conflict Resolution and Other Challenges

Voting systems can allow us to come to a conclusion based on divergent opinions. However,
we may not always want to do this. There are cases where we would rather try to resolve
conflicts. For example, we may have a case where we have three experts evaluating a piece
of software. Two of them think the software is “Good”, but the third thinks it’s only “Fair”.
Using a majority-rule voting system, we would naturally give the software a final ranking
of “Good”, but the third expert might have valid reasons for thinking it only deserves a
“Fair” ranking.

One way conflicts could be resolved is to facilitate a mediated discussion where the
experts come to a compromise about the item in question. The experts discuss amongst
themselves the merits of the item and come to a compromise about its total quality. While
this has the advantage of making everyone’s voices heard and taken into account, it requires

that we have access to the experts for these discussions to take place. As our research is



predicated on the assumption that we do not have access to all the experts, this solution
will not work.

Another solution is to create “clusters” of experts that, while they may disagree, agree
closely enough to be able to form a “coalition”. With these coalitions, we can then use a
majority rule voting system to make our final decision. This system would closely resemble
a parliamentary system, where certain blocs would form coalitions on a case-by-case basis.

For example, say that there are 11 experts rating software on a scale from 1-5. 5 experts
give the software a “1’, 3 give it a “4”, and 3 give it a “5”. In a standard majority rule, we
would conclude the software should be giving a ranking of “1”. But if we group the two

groups of 3 experts into a “4.5” voting bloc, then we can give the software a “4.5” rating.

2.3 Argumentation Frameworks

A major issue with previous approaches to MEMCDM was that they do not handle expert
disagreements and conflicts well. They take all data into account without discerning or
accounting for possible inconsistencies, and optimization handles them later (but rather in
an average way than in a classification way) [5]. This approach is inefficient, and this inef-
ficiency makes it difficult and time consuming to model cases with many criteria. For this
reason, we decided to formalize the expert’s arguments and conflicts as an argumentation
framework (AF) [11].

An abstract argumentation framework is a pair (A, R) of a set of arguments A, and a
binary attack relation R C A x A, such that for Va,b € A, aRb means that a attacks b.
Argumentation frameworks can be represented as directed graphs, where the arguments
are the nodes, and the attack relations are the edges. This is a useful formalization of
argumentation, but we need a way to determine which arguments we want to accept as

valid.

e Extensions:

10
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Figure 2.1: An example Argumenation Framework

The usefulness of AFs comes from knowing which arguments we want to accept,
and which we want to reject. To do this, we use a concept called “extensions”. An
extension is a set of arguments that collectively fulfill some criteria of acceptability,
which can vary depending on the extension. In order to define extensions, we must

first define 3 separate semantics. First is the idea of a conflict-free set.

Definition 4 A set B C A s conflict free iff for any two arguments a,b € B, aRb

does not exist.
Next, we must define the concept of defense.

Definition 5 An argument b € A is defended by a set B C A iff Ve where cRb,3d €
B such that dRc

Finally, we must define admissibility.

Definition 6 A set B C A is admissible iff B is conflict free and Vb € B, B defends
b

Now that we have properly defined admissibility, along with defense and conflict-free
sets, we can now define extensions. Since our research currently focuses on stable

extensions, we will define those.

11



Definition 7 A set B C A is a stable extension of A iff it is conflict-free, and
Ve ¢ B, db € B s.t. bRc exists.

Now that we have defined the stable extension, the question is how to find it.
Fortunately, we are able to map this problem into a constraint satisfaction problem

(CSP) and use constraint programming to find the solutions.

Constraint-based solutions [2]:

A CSP is a tuple (V, D, C), where V is a set of variables, D is a domain set such
that each variable in V' has a value in D, and C' is a set of constraints. The objective
is to find all possible value assignments for V' (within the domain D) as to satisfy
the constraints C. We can map argumentation frameworks to CSPs in order to
find conflict-free sets, admissible sets, and extensions. This is done by setting the
variables to the arguments in the AF, and set the domain to {0,1} (either not taken,
or taken, respectively). The constraints, however, will need to be adjusted based on
what we want to find. In this example, let ‘a’ be an argument, ‘b’ be any argument
that attacks ‘a’, and ‘by...b," be the set of all arguments that attack ‘a’. For the

conflict-free constraints, we have:
“(a=1Ab=1) (2.1)
For the stable constraints, we have:

_'((IZO/\bl:O/\bQZO/\.../\bHZO) (22)

To find the stable extensions, we use the constraints C' = {conflict- free U stable}.
With this, we can use a constraint solver in order to find the stable extension of any

formally defined argumentation framework.

12



2.4 Optimization

In past works on MEMCDM, optimization was vital in fuzzy measure extraction and finding
the best solution. Hence, it was critical to use optimization techniques that were hoped to
guarantee a high degree of accuracy, while also offering large time savings. In the work of
Xiaojing Wang [22], optimization was necessary in the extraction of fuzzy measures. In her
work, she tested various optimization techniques, including genetic algorithms, gradient
descent approach, and simulated annealing [14, 16|. Ultimately, the Bees algorithm was
used [19].

In the Bees algorithm, several random points in the search space are selected. These
spaces are then ranked by how well they maximize (or minimize) the objective function.
The best points are selected, and from these points, local searches are conducted in order to
find the optimal solution in the vicinity of those areas. This process then repeats with new
random spaces to search. After a number of iterations, the best solution is chosen as the
final answer of the Bees algorithm and an interval searching process is used to guarantee
that this solution was correct as an optimum or to improve it otherwise.

The use of interval techniques to solve the optimization algorithm associated with iden-
tifying fuzzy measures made the whole process more reliable and unlikely to fall into local
optima like previous approaches would [19].

However robust this approach was, it has two main flaws: (1) It is not very scalable:
past 5 criteria (2° variables), the optimization algorithm has troubles terminating. (2) It
ignores inconsistencies and does not allow to enforce properties of the decisions (such as

fairness).

13



Chapter 3

The ConArg Solver for Argumentation

Frameworks

When dealing with argumentation frameworks, we need a way to quickly determine what
the extensions are. For this, we have the ConArg tool [7]. The ConArg tool has the ability
to build an argumentation framework using a standardized syntax, as well as determine
the extensions by using a constraint solver. There are two versions of the ConArg tool,
one with a GUI, and one without!. In this section, the usage of the ConArg tool will be

demonstrated using the GUI version.

3.1 The ASPARTIX Syntax

The first thing the ConArg tool does is that it takes an ASPARTIX [12| (Answer Set
Programming Argumentation Reasoning Tool) file, and uses the information to create an
argumentation framework. The ASPARTIX file has two basic statements: arguments and
attacks. An argument A is written as arg(A)., while the attack ARB is written as att(A, B).

This file is then put into the tool, at which point, the argumentation framework de-

scribed by the ASPARTIX file is graphically represented.

Thttp: //www.dmi.unipg.it /conarg/

14



arg(A).
arg(B).
arg(C).
att(A,B).
att(C,B).
att(c,C).

Figure 3.1: A sample ASPARTIX File

[ ] COMARG (Argumentation with Constraints)

create graph | export graph to Aspartix Choose a problem

o))

Figure 3.2: A sample AF in ConArg

3.2 Finding Extensions Using Constraint Solving

The other feature of the ConArg tool is its ability to determine the extensions of a given ar-

gumentation framework. The tool accomplishes this by translating the AF into a constraint



satisfaction problem (CSP), as described in chapter 2, and uses constraint programming to

solve the problem.

[ ] COMARG (Argumentation with Constraints)

create graph | | export graph to Aspartix ConflictFree Extensions

3 solutions have ben found. 3of3

o))

Figure 3.3: A sample conflict-free extension in ConArg

3.3 Soft Constraints

So far, we have only discussed argumentation with the assumption that all attacks are
equally strong. But this is not always the case. Oftentimes, attacks will have varied
strengths, and we may want to account for this strength difference. We can do this by
attaching weights to the attack to create a weighted argumentation framework.

But our method on finding the extensions ignored the possibility of weights. We need

16
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Figure 3.4: An example of a weighted AF

arg(A).
arg(B).
arg(C).
att(A,B):-1.
att(C,B):-3.
att(C,C):-2.

Figure 3.5: A sample ASPARTIX file with weights

a way to find these extensions while taking this weights into account. This is where a-
extensions and soft constraints come in.

Soft constraints, much like standard constraints, act as restrictions on what values
certain variables can hold. However, unlike standard constraints, some degree of violation
of the constraints is allowed. This level of violation is set by the user to their personal
preference. In addition, there exist soft constraint satisfaction problems (SCSP), which,
much like constraint satisfaction problems, have a domain of variables, a range of values
that the variables can have, and a series of constraints.

A Soft Constraint Satisfaction Problem (SCSP) [4] is a tuple of (V, D, C, k), where V is
a set of variables, D is the domain of values that each variable in V' can occupy, and C' is
the set of soft constraints. For a given mapping of D onto V', each constraint C' is mapped
to a value w, which is determined by how much that constraint is violated by the variable
mapping. If the constraint is fully satisfied, then w is 0. Then, for constraints c¢y,..., ¢,

and corresponding weights wq, ..., w,, the SCSP is satisfied as long as wy & ... D w, < k,

17



where @ is an aggregation function.

We can use soft constraint satisfaction problems in order to determine the a-extensions,
of weighted argumentation frameworks. a-extensions, work in much the same way as
standard extensions, except that these extensions can ignore attacks with a cumulative
weight up to a pre-set . Much like how standard AF extensions can be reduced to
constraint satisfaction problems, these a-extensions, can be similarly reduced to SCSPs.

These weighted argumentation frameworks and soft constraints allow for minor disagree-
ments, represented by weak attacks, to be ignored when searching for the set of arguments
to consider in the final decision. This in turn will result in more feasible solutions. However,
our current model does not use weighted attacks, and the usage of such is left to future

work.
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Chapter 4

How to blend AFs and MEMCDM

4.1 Problem Description

Now that we have defined Argumentation Frameworks, we need to define a model that will
help us solve our problem. To accomplish this, we need a model that has the following

properities:
1. All explicit data exists as arguments in the framework.
2. The framework is not disjoint, otherwise, we’re solving separate smaller problems.
3. The model should represent disagreements and inconsistencies as attacks.

4. The extensions of the model should also give us a final outcome of the quality of the

item in question.

In this next section, we define a model that meets all of these properties.

4.2 Modeling MEMCDMs as AFs

Here, we describe our model: given an MEMCDM problem with n criteria and p experts,
how do we “translate" /model it as an AAF? In other words, which arguments and attacks

should compose it? [5]
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4.2.1 Arguments

e What does the data we use (e.g., experts’ evaluation of software in this case)

tell us about the arguments to add to the network?

We differentiate arguments that come from the data (i.e., Expert i said that Software j is

good) from arguments that are implicit (i.e., Software k is Poor).

1. Expert i gives Item j a total quality D;; (which, in the case of Software Quality
Assessment — SQA, can be Bad, Poor, Fair, Good, or Excellent):

Argument (FE;,S;, D;;)

Let us call such arguments, arguments of type ESD.

2. Expert i judges that Item j satisfies criterion m up to quality D;;,,
Argument (E;, S}, ¢, Dijm)
Let us call such arguments, arguments of type EScD.
e Which implicit arguments should be part of the argumentation network for
this specific type of problem?

For each item, independently from what experts say, there will be a decision made. This
decision will be in the form of a final ranking, ranging over all possibly ranking values (in
the case of SQA: Bad, Poor, Fair, Good, Excellent). So regardless of ESD arguments, we

add to the argumentation network the following arguments:
V item S;,V ranking D, : Argument (S5;,D,)

Let us call such arguments, arguments of type SD.
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e Coalitions of Arguments

Here we aim to model the fact the n decisions of any expert on the n criteria of the problem
at hand belong together: they together form the support for the expert’s final decision on
the given item. As a result, for any expert E; and any item S;, we define a coalition of

“supporting" decisions as:
VEZ',VSJ', Coalition: {(EZ, Sj, Ck, Di,j,k)a k e {1, N ,n}}

Let us call such coalitions of EScDs, extended arguments of type CoEScD. The result of
modeling such coalitions is that all arguments in the coalition will be forced to be either all
in or all out of extensions. Per se, we are enforcing an equality constraint on the belonging

of these arguments to any extension.

4.2.2 Attacks

In this subsection, we answer the following question: What are the attacks (edges of the
network) between these arguments (nodes)? Note: All attacks we define are reciprocal,

hence the edges are always set bidirectionally.

For attacks too, we differentiate between attacks that come from inconsistencies in the
decision data (disagreement between experts, inconsistency in decisions of a single expert,
lack of fairness, irrationality). An assumption that we make in designing the network model
is that experts should be rational: in this, we mean that even if they are not (which we

know), they should be and we aim to elicit decisions that are as rational as can be.

e Attacks derived from lack of fairness

Here, we assume that if an expert is fair, then s/he should derive the same final ranking

from the same criteria rankings. For instance, if there are 3 criteria (¢, ¢o, and ¢3) to assess
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items and an expert E has the following decision history:
E.S;, c1, Dy
E.S;, ¢, Dy — FE.S;,D
E.S;, c3, Dy

and (with S; # S;):

E,Sj, c1, Dy

E,S;, ca, Dy — E,S5;,D’

E,S;, cs, Dy
where D # D', then we should see arguments (E,S;,D) and (E,S;,D’) are a lack of
fairness in judgment and therefore add the following attack in the argumentation network:

(E,SMD) — (E, Sj, D,)

More generally, assuming that the criteria that are considered by the experts are ¢, with
k € K, and that the possible rankings are denoted by D,, with » € R, then we add the

following rule to our model:
VS, S;, Est.i#j, Vke K,3r e R, (S;,E,c,, D,) and (S, E, ¢k, D;) :
if (Sl, E, Dz) and (Sj, E, D]) and DZ 7é D]
then Attack (SZ, b, Dz) — (Sj, E, D]>

e Attacks derived from lack of rationality

Let us recall that we assume that the rankings D,., with r € R, are totally ordered. However,

with n criteria, the set of n-tuples of rankings is only partially ordered:

(Dy, Ds,...,Dy) = (D), Db,...,D.)
iff :
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Now: VE; and VS;, we denote by (D1, ;,..., Dy, ;) the set of n decisions made by Expert
E; on each of the criteria ¢y, ..., ¢, for Item S;, and by D, ; the final decision of Expert

E; on Item ;.

Being rational for any given expert E; means that if for Item S;, s/he ranks criteria lower
(w.r.t. above partial order) than s/he ranks the criteria of Item Sy, then his/her final
ranking of S; should not be higher than his/her ranking of Si. Formally, it is expressed as

follows:

VE,L', VSJ‘, VSk(] 7é k) :
if: (Dl,i,ju ... ,Dnﬂ'?j) < (Dl,i,k7 Cee Dn,i,k) and: D@j > Di,k
then: Attack (SJ, Ei7 Dz,]) — (Ska Eia D%k)

e Attack related to implicit arguments: SD
In this subsection, we describe the following attacks:
e attacks between implicit arguments SD; and

e attacks across SD and ESD.

1. Attacks among SDs: SD Arguments associate an item with a ranking. For each item

S;, there is p SD arguments if there are p possible ranking levels. Each of these p

arguments attack each other (they form a complete subgraph). In other words:

VSZ‘, V?"l, Tro € R, with 1 7é 9, Attack: (Sw Dm) — (Sl, Drg)

2. Attacks between SDs and ESDs: For any given item S;, an argument saying that .S; is

evaluated D; is in contradiction (and therefore attacks — and vice-versa) any argument

(E,S;, Dy) as soon as D; # Dy. As a result:

\V/E, VSZ, (D] 7é Dk> — Attack: (SZ,D]) — (E, Sz;Dk)
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e Attacks between Coalitions and ESDs

Here we aim to model the fact that coalitions of decisions on criteria support experts’

decisions. In order word:
VEi,\V/Sj, {(El, Sj, Ck, Dz’,j,k>7 ke {1, . ,TL}} supports (EZ, Sj, Di,j)

In terms of attacks, this is expressed as follows:

VEZ', EJVSk : Di,k’ 7é Dj,k —
Attack: {(E“ Sk, c, Di,k,l), ke {1, . ,n}} —— (Ej, Sk, Dj,k)

4.3 Reflection about AFs for Decision Prediction and

Conflict

We believe that the model will allow us to resolve expert disagreements and come to a
final decision on software based on the attacks between differing expert decisions, as well
as expert decisions that contradict each other. However, another aspect of expert decision
making that we wish to explore is predicting expert decisions. As stated earlier, expert
prediction can allow us to automate expert decision-making and save a large amount of
time and money. Fuzzy measure extraction can perform this functionality, provided the
criteria assessment is known ahead of time, but there are several issues with it that we
would like to address with our model.

We attempted to predict expert decisions by creating implicit criteria arguments, much
like the implicit software quality arguments described earlier. These arguments took the
form of C, R where n corresponds to the nth criteria, and R corresponds to the ranking.
Much like the software decisions, these decisions would have implicit attacks in the form of
C;R attacks C;R' (and vice versa), where ¢ = j and R # R’. Additionally, there are attacks
between C;R and S;E,C;R’ for all ¢, j, and k where R # R'. We expected this set of
arguments and attacks to aid in prediction of expert quality assessments when we have an

indication of their quality per each criterion. However, we later removed these arguments
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from our model, as we opted for a simpler, less complex model for our first model and to
ensure that the ConArg tool ran more quickly.

In the end, our current model does not have a mechanism for predicting expert decisions.
However, we wish to address this topic and modify our model to accommodate this feature

in future work.
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Chapter 5

Experimental Results

5.1 Motivation

It has been shown that abstract argumentation frameworks can be used to model expert
decisions and disagreements [10]. However, we already have a method of evaluating multi-
criteria decision making in the form of fuzzy measure extraction and the Choquet integral.
So the question remains, what makes argumentation frameworks a better model for expert
decision making than fuzzy measures. We believe that it has numerous advantages, includ-
ing being able to distinguish between experts and software, allowing them to be evaluated
individually. It also allows to weigh expert decisions differently, rather than listening to
all decisions equally. However, these are only proposals. In this section, we wish to show

whether or not this is the case in practice.

5.2 Comparison Method

To perform these tests, numerous toy-examples were created, with a varying number of
software and criteria evaluated by a varying number of experts. Each toy case has either 3
or 5 rankings that can be given to a criteria or total quality. In the case of 3 evaluations,
these rankings are poor, fair, and good. In the case of 5, these rankings are bad, poor, fair,
good, and excellent.

For each toy example, an argumentation framework was created based on the data.
These argumentation frameworks were put in the ConArg tool to search for the stable

extensions. These extensions were then parsed for relevant results. For results to be
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relevant, they must:

1. For every software to have at least one expert total quality assessment (S;E;C). In
other words, the final quality assessment must be based on the input of at least one
expert. This is based on the non-imposition quality of voting systems described in

section 2.2.2.

2. For every software to have a final quality assessment (S;C). In other words, the votes
of the expert must yield a result. This is based off the universal domain quality of

voting systems described in section 2.2.2.

However, even with this parsing, multiple possible solutions remain. To address the
multiple solutions, the number of times each expert’s total quality assessment and each
final software assessment appear are tallied from the results. From these tallies, we can
make a comparison between the number of times a final software assessment appears and
votes on the final assessment. We can also make a comparison between the number of times
an expert’s total quality assessment appears and how influential the expert is. This will be
explained in more detail in section 5.3.

For comparison, this data is also given to the hybrid algorithm for fuzzy measure ex-
traction. However, this algorithm requires that data be in values between 0 and 1. To
accommodate this, the discrete rankings are translated into discrete values. For the case

of 3 rankings:

1. Poor is given a value of 0
2. Fair is given a value of 0.5

3. Good is given a value of 1
In the case of 5 rankings:
1. Bad is given a value of 0
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2. Poor is given a value of 0.25
3. Fair is given a value of 0.5
4. Good is given a value of 0.75

5. Excellent is given a value of 1

From this data, we then extract the fuzzy measures using the hybrid algorithm. These
fuzzy measures are then put into the Choquet integrals they were extracted from, in order
to compare the result with the total quality assessment. However, there is an issue when it
comes to determining the final quality assessment of a software in the case of Choquet. The
algorithm to determine the final quality of a software in Choquet requires a large number
of evaluations to be made. However, the ConArg tool does not currently run well with such
data. Therefore, a true in-depth comparison cannot be done. To resole this, we will use a
naive approach for Choquet, whereby the expert evaluations for the software according to

Choquet are averaged.

5.3 The Tests

For this experiment, we ran a total of 21 tests, with various goals in mind.

The first test was ran with 2 criteria to test if the ConArg tool and the hybrid algorithm
worked properly.

Tests 2-5 were run on a single set of raw data. However, for each test, the data was
divided between experts and software in different ways. The idea was to run tests where
the fuzzy measure data was the same, but the argumentation framework data was different.

Test 6 was run on a set of data designed around experts with various personality trends.

Test 7 was simply a set of randomized data.

Test 8 was run on a subset of real raw data, where a set of experts were analyzing various

parts of the same software (different criteria assessment, but all same quality assessment)
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Test 9 was run on a subset of the same raw data, but this time, it was across different
software.

Tests 11-22 were randomly generated tests created the following way:

Tests 11-14 had 3 criteria, Tests 15-18 had 4 criteria, and Tests 19-22 had 5 criteria.
Tests 11, 12, 15, 16, 19, & 20 had 3 rankings, while the rest of the tests had 5 rankings. The
tests with 3 rankings had 5 experts evaluating 4 software, and the tests with 5 rankings
had 4 experts. Tests 11, 15, 19, and 22 were untouched after generation. Tests 14 and 18
had some inconsistencies removed, while keeping some in and adding new ones manually.
The rest of the tests had all inconsistencies removed.

Note: All raw data for these tests can be found in the appendix.

5.4 Results

We started with a small, but non-trivial test case in the form of Test 2. This test had 4
experts evaluating 3 software over 3 criteria, using a 3 ranking system. To test the various
features of our model, we wanted a test that would contain various inconsistencies. For
this, the following toy example was constructed.

In our model in the abstract argumentation framework, the data would be represented
as such:

It should be noted that there are attacks between S;E{F and Sy FE;P. This attack is
a result of a lack of fairness on the part of F;. She gives the same sequence of criteria
assessments to S; and Sy, but gives them different total quality assessments. Likewise,
there are attacks between S;FE>G and S3E5F, as well as between Sy E>G and S3EoF'. This
is a result of a lack of rationality on the part of E5. Despite the fact that his criteria
assessment of S3 is strictly greater than that of S7 and Ss, he give S3 a lower total quality
assessment than the other two.

Using the process described in the previous section, these rankings were converted into

discrete values, as shown in the following table. Notice how the software and experts are
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Software | Expert | Total Quality | Criteria 1 | Criteria 2 | Criteria 3
S1 E1l Fair Poor Good Good
S1 E2 Good Good Poor Poor
S1 E3 Fair Fair Fair Poor
S1 E4 Poor Fair Poor Poor
S2 E1l Poor Poor Good Good
S2 E2 Good Poor Good Fair
S2 E3 Fair Poor Good Poor
S2 E4 Good Good Poor Fair
S3 E1 Good Good Good Fair
S3 E2 Fair Good Good Good
S3 E3 Fair Fair Fair Poor
S3 E4 Good Good Fair Poor

Table 5.1: Raw data for Test 2
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S1E4C3P
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Figure 5.1: The AF Representing the data in Table 5.1 Data
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not defined here.

Translating this data into the ASPARTIX format for our model, inputting it into the
ConArg too, and parsing the data as described earlier, the following counts were tallied.

Here, we have tallied the number of times S;D appears, as well as how many times
S;E;D appears. The number of times the former appears is the voting results of the final
decision of Software ¢. The latter represents the amount of influence Expert j had on the
voting of Software i. This value will further be referred to as that expert’s “clout”. What’s
important to note is that in S; and S,, E; and E5 have lower clout than F5 and Ej4. This is
a result of F; and F5’s inconsistencies noted earlier. Because they were inconsistent, their
clout, and thus their influence in the voting, dropped. This is also reflected in the voting
results. Despite the fact that just as many experts said that S; was Poor as did Good,
Poor has more votes. This is because Ej;, who voted Poor, was consistent, while Fy was
not. What is also important is that the vote tallies are not simply an addition of the clouts
of each expert that made that decision.

For the fuzzy measures, we determined the values of the Choquet integrals corresponding
to each expert decision using the process described in the previous section. To get the final
software quality, we determined the mean of the Choquet integral values for each expert
in a given software. However, this is a naive way to perform this task, and that doing so
in a more accurate manner requires larger data sizes that we were able to process. For
Software 1, we got an average value of 0.68, which indicates that the software should be
judged as "Fair", but slightly leaning towards "Good". However, F;, who voted "Fair",
and F,, who voted "Good", contradicted themselves, so their input should be taken less
into consideration, and the result should be slightly lower than 0.5, rather than higher.
Indeed, the AF analysis gives us just that. In software 2, we acquired an average of 0.5825.

In Software 3, we obtained an average value of 0.875. In S5, we have 2 Good votes, and
2 Fair votes. However, Fy’s assessment contradict their assessments of both S; and S, so
the votes should lean closer to "Good". And they do in both the Choquet and the AF

analysis.
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Test 2 Analysis

S1: Poor — 84
Fair - 114
Good - 70
El - 60
E2 - 70
E3 - 84
E4 - 84
S2: Poor - 68
Fair - 80
Good - 120
El - 68
E2 - 70
E3 - 80
E4 - 85
S3: Poor — 0
Fair - 127
Good - 141
El - 94
E2 - 56
E3 - 99
E4 - 94

Figure 5.2: Tallied results for Test 2
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In Tests 3, 4, and 5, we used the same raw data as in Test 2, except that the number
of softwares and experts were altered. Test 3 has 2 softwares and 6 experts. Test 4 has
4 softwares and 3 experts. Test 5 has 6 softwares and 2 experts. Other than the labeling
of softwares and experts, all the data is unchanged. Doing this would not alter the fuzzy
measures, as that does not take experts and software into account, but would alter the
ConArg results. The ConArg results are as follows:

In Tests 3 and 4, there are no inconsistencies in the experts’ decisions. Therefore, all
experts have equal clout, and all votes are weighted equally. This simplifies the problem
into a simple counting of real-world votes.

For the Choquet in Test 3, we get a value of 0.675 in S;, and 0.75 in S,. The latter
of these makes sense, as we have 3 votes for Fair and 3 for Good with no contradictions.
However, the former is strange, as we have 2 votes for each of the 3 rankings, which should
give us a value closer to 0.5. However, we do end up with this equivalence in the AF.

The Choquet results for Test 4 were quite strange. For example, despite S; and Sy
having 2 votes for Fair, and one vote for Good without contradictions, the Choquet value
of S7 was 0.74 and the value for S, was 0.833. Not only should these values probably have
been the same, they should have been lower in light of the fact that Fair outnumbers Good
2-to-1. Other odd discrepancies include the fact that S3 has a value of 0.667, lower than
S and Sy, despite it actually having two Good votes and one Fair vote. In Sy, there are
two Poor votes, and one Good vote. Despite this, it has a value of 0.61, only slightly lower
than Ss.

In Test 5, however, we have many more contradictions in the data. This leads to voting
results being decided mainly on these contradictions, as there are only two experts in this
case. In S5, F5’s inconsistencies are so bad, than her input isn’t even considered. Expert
2’s decision on Software 5 contradicts her decisions on Softwares 1, 3, 4, and 6. When one
makes a decision that contradicts so many other decisions, it should probably be called into
question.

In regards to the Choquet integrals, Test 5 has some results that make sense, and
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Test 3 Analysis

S1: Poor - 24
Fair — 24
Good - 24
El - 16
E2 - 16
E3 - 16
E4 - 16
E5 - 16
E6 - 16

S2: Poor — 0
Fair — 36
Good - 36
E1l - 18
E2 - 18
E3 - 18
E4 - 18
E5 - 18
E6 — 18

Figure 5.3: Tallied results for Test 3
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Test 4 Analysis

S1:

S2:

S3:

S4:

Poor - 0
Fair - 375
Good - 250

E1l - 250
E2 - 250
E3 - 250

Poor - 375
Fair - 0
Good - 250

E1l - 250
E2 - 250
E3 - 250

Poor - 0
Fair - 250
Good - 375

E1l - 250
E2 - 250
E3 - 250

Poor - 0
Fair - 375
Good - 250

E1l - 250
E2 - 250
E3 - 250

Figure 5.4: Tallied results for Test 4
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Test 5 Analysis

S1: Poor — 0
Fair - 512
Good - 768
El1 - 512
E2 - 768

S2: Poor - 640
Fair — 640
Good - 0
E1l - 640
E2 - 640

S3: Poor — 256
Fair - 0
Good - 1024
El1 - 256
E2 - 1024

S4: Poor — 0
Fair - 512
Good — 768
El1 - 512
E2 - 768

S5: Poor — 0
Fair - 0
Good - 1280
E1l - 1280
E2 - 0

S6: Poor -
Fair - 640
Good - 640
E1l - 640
E2 - 640

Figure 5.5: Tallied results for Test 5
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some that don’t. Sy, S3, and S5 involve conflicts that affect the weighting of one or both
of the expert’s votes, and the Choquet actually reflects this. In all 3 cases, the integral
average actually leans towards the expert with the higher clout. Likewise, Sg involves
contradiction-free votes between Fair and Good, and has an average value of 0.75. However,
S5 has an average value of 0.5, despite it containing one Fair vote and one Poor vote, with
no contradictions across software. In addition, S; also has an average of 0.5, despite it
containing one Fair vote and one Good vote. But in this case, F;, who voted Fair, has a
lower clout than E5, who voted Good. So the average is even lower than it probably should
be.

In Test 6, we created a set of experts who each have different personality quirks that
influence their voting. Their decisions, and the analysis are as follows:

From this, we can see that all experts, save for Expert 2, have equal clout in all decisions.
However, Expert 2’s decision making process is simply the opposite of Expert 1’s. From
this, we can reasonably assume that, at least in this toy example, the argumentation
framework model doesn’t determine the soundness of the decision-making process, so long
as said process yields internally consistent results.

The Choquet values of Test 6 made sense for the most part. S; had a value of 0.289,
which makes sense given that Good and Fair had one vote each while Poor had 3. Likewise,
Sy had a value of 0.368, which is reasonable given that there were two Poor votes, two Fair
votes, and one contradicted Good vote. S5 had one Good vote, one Poor vote, and 3 Fair
votes, while S3 had two Good, two Poor, and one Fair. Both of these had Choquet integral
values of 0.4866 and 0.4317 respectively, only slightly lower than the expected Fair result
of 0.5.

Test 7 was just a simple randomly-generated sample of data for 4 software and 4 experts.

Test 7 has some interesting conflicts that arise from the randomly-generated data. Ex-
pert 1 has conflicts between Softwares 1 and 2, as well as Softwares 2 and 4. Expert 2 has
numerous conflicts, including between Softwares 1 & 2, 1 & 3, 2 & 4, and 3 & 4. Expert 3

just has a conflict between Softwares 1 & 2. Expert 4 has no conflicts. This, in turn leads
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Test 6 Analysis:

S1: Good - 992
Fair - 992
Poor - 1984
E1 - 992
E2 - 992
E3 - 992
E4 - 992
E5 - 992

Judgement: Poor

S2: Good - 1024
Fair - 1920
Poor - 1024
E1l - 1024
E2 - 768
E3 - 1024
E4 - 1024
E5 - 1024

Judgement: Fair

S3: Good - 1488
Fair - 992
Poor - 1488
E1 - 992
E2 - 992
E3 - 992
E4 - 992
E5 - 992

Judgement: Fair

S4: Good - 896
Fair - 1536
Poor - 1536
E1l - 1024
E2 - 896
E3 - 1024
E4 - 1024
E5 - 1024

Judgement: Fair

Figure 5.6: Tallied results for Test 6
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Test Analysis:

S1-S5: Bad: 6561
Poor: 19683
Fair: 6561
Good: 19683
Excellent: 6561

El: 13122
E2: 13122
E3: 6561
E4: 6561
E5: 13122
E6: 6561
E7: 13122

Figure 5.7: Tallied results for Test 8

to the wildly varying clout scores seen in the results. Unlike the other tests, Test 7 did not
return any results for the fuzzy measure extraction. This is also seen in other instances
where test data is randomly generated and unaltered.

With Tests 8 and 9, we ran our algorithm on a subset of real raw data. In this raw
data, sets of experts evaluate sections of various software separately over a set of criteria,
then come to a final decision of that software as a whole. Test 8 covers various sections of
a single software, which all have the same total quality assessment. Test 9, on the other
hand, covers the evaluations of the first section of separate software, so the total quality
assessments are different for each expert across software. It should also be noted that this
is the first tests run where there are 5 rankings, rather than three.

As we can see, every "software" in Test 8 gives us the same results. This makes sense,
since in the data, each total quality is the same, and the experts are just analyzing different
sections of the software. We would hope that the results would be the same in this case.
Likewise, the Choquet integral average also gave expected results, yielding a value of 0.480.
Given the votes that are split evenly down the middle, it would make sense to have a value
close to 0.5.

In Test 9, we get to see how the experts analyze multiple actual softwares. We can

see that, for the most part, the experts are fairly consistent. However, Expert 6 has a

39



conflict between Softwares 2 and 3. While this conflict is not enough to swing the results,
as the conflicts arise in cases where an overwhelming consensus already exists, it shows
that conflicts can arise in real-world scenarios and that our model can account for these
scenarios.

The Test 9 Choquet averages yield results that are reasonable. In all 3 software, the
votes are split down the middle, with every Bad vote having an Excellent vote, and every
Poor vote having a Good vote. Likewise, all 3 averages are close to 0.5 (0.4747, 0.469, 0.5
respectively). In the case of Sy, Eg voted Good, but in such a way that it contradicts their
vote in S3. The average of Software 2 is correspondingly lower than either Softwares 1 or
3. However, since this was the only contradiction among the 7 experts, it didn’t impact
the results all that much. However, the results weren’t lower in the stable extension tally,
either.

For the set of randomized tests, all of the tests that were unaltered after creation (11,
15, 19, 22) as well as Test 12 did not return a solution for the Choquet integral, but they
did return stable extensions, much like Test 7. We believe that this shows that the AF
model is better at handling wildly inconsistent data than the fuzzy measure model.

Tests 13 and 14 were mostly consistent in both the AF tallies and the Choquet average.
However, in Test 13, the Choquet average for S3 and S; were both 2 votes for Fair and 2
for Poor. However, in Software 3, Expert 2, who voted Poor, was inconsistent. In spite of
this, Software 3’s Choquet average was lower than Software 4’s (0.332 and 0.427).

Test 16, 17, and 18 also had fairly consistent results, as well. However, there were a
few interesting quirks. In Test 16, for Software 4, we acquired a Choquet average of 0.611.
This is strange, as this test had two votes for poor, two for fair, and one for good, with
no contradictions. Test 17’s results were consistent with what was found in the stable
extension tally. Test 18 had a few interesting anomalies. Software 1’s average was 0.589,
despite everyone voting fair. Additionally, Software 4 had an average of 0.667, despite no
one voting worse than Good, which would result in an expected minimum of 0.75. However,

some of the experts of this software contradict themselves in Software 3. However, according
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Test Analysis:

S1: Bad: 79
Poor: 237
Fair: 79
Good: 237
Excellent: 79

E1: 158
E2: 158
E3: 79
E4: 79
E5: 158
E6: 79
E7: 158

S2: Bad: 0
Poor: 90
Fair: 540
Good: 81
Excellent: 0

E1: 180
E2: 180
E3: 180
E4: 90
E5: 180
E6: 81
E7: 180

S3: Bad: 0
Poor: 216
Fair: 279
Good: 216
Excellent: 0

El: 144
E2: 144
E3: 144
E4: 144
E5: 144
E6: 126
E7: 144

Figure 5.8: Tallied results for Test 9
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to the stable extension tally, this should result in a slight favor towards Excellent, which is
the opposite of Choquet’s result.

Test 20’s results are reasonable at first glance, but become somewhat peculiar on second
glance. First, it should be noted that there are no cross-software contradictions in this test.
Software 1 and SoftWare 2 both have two votes for Fair, two for Poor, and one for Good.
However, Software 1 has a choquet average of 0.458 while Software 2 has an average of
0.335. Furthermore, Software 3 has an average of 0.437, lower than Software 1’s, despite
Software 3 having 3 Fair votes and only one Poor vote. Software 4 has the lowest value of
0.259, which makes sense, as it is the only software where no expert voted Good.

Like most of the tests before it, Test 21 is also fairly consistent. Some of the values are
higher or lower than expected, but still within an acceptable range. For example, Software 1
had a Choquet average of 0.453, despite 3 votes for Poor and one for Good. One would
expect the value to be closer to 0.25. Another is that Software 2’s Choquet average value
is 0.604, which is between the two votes for fair and the two for excellent, but would be

expected to be closer to 0.75.

5.5 Summary of Findings

From this data, we can come to some interesting conclusions. The first one is consistency
in delivering results. Every test that was run returned a set of stable extensions, but not all
tests returned a set of fuzzy measures. However, the tests where the fuzzy measures were not
returned were all randomly generated, and were likely caused due to highly contradictory
data. It is highly unlikely that one would see this type of data in a practical setting.
Another is the delivery of logical conclusions. With the stable extensions, we get tallies in
proportion to how many experts voted on a particular software quality ranking. However,
the Choquet average often gave strange results and sometimes gave very different results
in similar settings. However, the Choquet average is a naive technique used due the lack

of a more precise aggregation technique for smaller data sets. Finally, there’s scalability.
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Fuzzy measure extraction is known for having trouble handling even a moderate number of
criteria, due to exponential growth of the number of values to extract. The ConArg tool,
however, does not have this issue and can handle these criteria quite easily. However, the
tool has a great deal of trouble with a moderate number of software and experts. Fuzzy
measure extraction, on the other hand, can handle large data sizes for this extraction.
From the data we have tested, we have shown that argumentation frameworks have
several advantages over fuzzy measures. However, these advantages have only been shown
to appear in small data sizes, rather than larger, real-world sample data. Nevertheless, we
believe that these conclusions show that argumentation frameworks are an avenue worth

pursuing in regards to multi-expert multi-criteria decision-making.

5.6 Future Analysis

All of the tests described in this section are relatively small compared to previous works
in this area. We attempted to run our model on larger, real world examples, such as the
entirety of the data that tests 8 and 9 were based on. However, these tests proved to
take an extraordinary amount of time to run. Even smaller tests proved daunting. Tests
11-22 were supposed to have 5 experts and 5 software. However, these took too long to
run and had to be shrunk in order to acquire results. We attempted to solve this issue by
creating a model where the criteria coalitions described in Chapter 4 were projected onto
the total quality assessment arguments. We did this by removing the coalitions, and letting
the attacks on the implicit software quality arguments act as the way to prevent a stable
extension from taking two expert total quality assessment that disagree, thus shrinking our
model. This made the tests run faster, but we acquired different results. In the future, we
would like to find a way to address this issue and run larger tests and compare them to

fuzzy measure extraction.
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Chapter 6

Conclusion and Future Work

We have managed to show that modeling expert decisions using argumentation frameworks,
rather than fuzzy measures, provides numerous advantages. Primary among them is the
ability to detect experts that make inconsistent decisions, and lower their influence in the
final decision making process as a result. However, there are still some features that are
important to implement in future iterations of the model.

The first is prediction. The fuzzy measure model can help predict future decisions an
expert will make by using extracted fuzzy measures in new Choquet integrals to determine
outcomes. Our current model lacks this predictive ability. In the future, it would be critical
to extend our model to determine future decisions made by experts. This would lead further
into the automation of expert decisions, which would offer large time and cost savings.
Another issue is speed. While the fuzzy measure extraction has issues with scalability when
a large number of criteria are taken into account, finding extensions in an argumentation
framework takes a considerable amount of time, even if there are only a handful of experts
and software. We attempted to solve this issue by projecting individual criteria arguments
and attacks onto the total quality arguments. Unfortunately, this attempt gave us different
results. One idea is to try to tweak the ConArg tool to be better optimized for the kind of
argumentation frameworks we are dealing with in our problem.

Our model has a distinct advantage over the fuzzy measure model in that it takes into
account inconsistent expert decisions across items, and ignores expert decisions that don’t
match their criteria judgement; whereas the fuzzy measure model ignores inconsistencies
across items, and breaks upon encountering mismatches between a final decision and criteria

assessment. However, we would like our model to take inconsistencies within the same item
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into account (aside from where they contradict other decisions). However, this is not as
simple as punishing the expert for this inconsistency, as the issue may not be with the
expert, but the evaluation criteria. We want to be able to detect if this contradiction
happens at a significant rate, and if so, suggest expanding the criteria in which the items
are evaluated under.

In conclusion, while this model is still in its early stages, its advantages are already
apparent, and shows that argumentation frameworks are a promising direction in the mod-
eling and evaluation of multi-expert multi-criteria decision making. However, much work

remains to be done before it could potentially replace fuzzy-measure extraction.
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Appendix A

Raw Data
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Software | Expert | Total Quality | Criteria 1 | Criteria 2 | Criteria 3
S1 E1l F P G G
S1 E2 G G P P
S1 E3 F F F P
S1 E4 P F P P
S2 E1l P p G G
S2 E2 G P G F
S2 E3 F P G P
S2 E4 G G P F
S3 El G G G F
S3 E2 F G G G
S3 E3 F F F P
S3 E4 G G F P

Table A.1: Raw data for Test 2

20




G

F

F

F

G

G

G |G |P

G |G |F

G |G |G |G

P

G |F

F

G |G |P

G |G |F

F

P

G

F

F

G

G

Total Quality | C1 | C2 | C3 | C4 | C5 | C6

Expert
E1

E2

E3

E4

E5

El

E2

E3

E4

E5

E1

E2

E3

E4

E5

El

E2

E3

E4

E5

Software

S1

S1

S1

S1

S1

S2

S2

S2

S2

S2

S3

S3

S3

S3

S3

S4

S4

S4

S4

S4

Table A.2: Raw data for Test 6

o1



G |G

P

G |G |G |G

G

Total Quality | C1 | C2 | C3 | C4

Expert
E1

E2

E3

E4

E1l

E2

E3

E4

E1

E2

E3

E4

E1

E2

E3

E4

Software

S1

S1

S1

S1

S2

S2

S2

S2

S3

S3

S3

S3

S4

S4

S4

S4

Table A.3: Raw data for Test 7

o2



C6

G

F

G

G

F

F

F

G |G

p

G |G |F

P

G |G |F

p

p

G |G |F

P

G |G |F

p

F

F

F

F

F

C2|C3|C4|Ch

G |G |G |E

G

G |G |G |E |G

G

G |G |G |E

G

B |B

G |G |G |E |G

G

B |B

G |G |G |E

G

B |B

G |G |G |P

G |G |G

E

B B |B

G |G |G |P

E

B

G |G |G

E

B

G |G |G |P

E

B

Total Quality | C1

Expert

El

E2

E3

E4

E6

E7

El

E2

E3

E4

E5

E6

E7

El

E2

E3

E4

E6

E7

El

B2

E3

E4

E5

E6

E7

El

E2

E3

E4

E6

E7

Software

S1

S1

S1

S1

S1

S1

S1
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S2

S2

S2

S2

S2

S2

S3

S3

S3

S3

S3

S3

S3

S4

S4

S4

S4

S4

S4

S4

S5

S5

S5

Table A.4: Raw data for Test 8
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G

F

E

F

G |G

F

G |G |B

G |G |G |E

G

F

G |G |G |P

E

G

Total Quality | C1 | C2 | C3 | C4 | C5 | C6

Expert
E1

E2

E3

E4

E5

E6

E7

El

E2

E3

E4

E5

E6

E7

E1

E2

E3

E4

E5

E6

E7

Software

S1

S1

S1

S1

S1

S1

S1

S2

S2

S2

S2

S2

S2

S2

S3

S3

S3

S3

S3

S3

S3

Table A.5: Raw data for Test 9
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Total Quality | C1 | C2 | C3

Expert
E1

E2

E3

E4

E5

El

E2

E3

E4

E5

E1

E2

E3

E4

E5

El

E2

E3

E4

E5

Software

S1

S1

S1

S1

S1

S2

S2

S2

S2

S2

S3

S3

S3

S3

S3

S4

S4

S4

S4

S4

Table A.6: Raw data for Test 11

95



Total Quality | C1 | C2 | C3

Expert
E1

E2

E3

E4

E5

El

E2

E3

E4

E5

E1

E2

E3

E4

E5

El

E2

E3

E4

E5

Software

S1

S1

S1

S1

S1

S2

S2

S2

S2

S2

S3

S3

S3

S3

S3

S4

S4

S4

S4

S4

Table A.7: Raw data for Test 12

o6



Total Quality | C1 | C2 | C3

Expert
E1

E2

E3

E4

E1l

E2

E3

E4

E1

E2

E3

E4

E1

E2

E3

E4

Software

S1

S1

S1

S1

S2

S2

S2

S2

S3

S3

S3

S3

S4

S4

S4

S4

Table A.8: Raw data for Test 13
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Total Quality | C1 | C2 | C3

Expert
E1

E2

E3

E4

E1l

E2

E3

E4

E1

E2

E3

E4

E1

E2

E3

E4

Software

S1

S1

S1

S1

S2

S2

S2

S2

S3

S3

S3

S3

S4

S4

S4

S4

Table A.9: Raw data for Test 14

o8



G | P

G |F

G | P

G |F

F

G |G |G

P

P

G |G |F

F

G

P

G

G
P

G

Total Quality | C1 | C2 | C3 | C4

Expert
E1

E2

E3

E4

E5

El

E2

E3

E4

E5

E1

E2

E3

E4

E5

El

E2

E3

E4

E5

Software

S1

S1

S1

S1

S1

S2

S2

S2

S2

S2

S3

S3

S3

S3

S3

S4

S4

S4

S4

S4

Table A.10: Raw data for Test 15

29



G |G

F

G |G |G |P

G

Total Quality | C1 | C2 | C3 | C4

Expert
E1

E2

E3

E4

E5

El

E2

E3

E4

E5

E1

E2

E3

E4

E5

El

E2

E3

E4

E5

Software

S1

S1

S1

S1

S1

S2

S2

S2

S2

S2

S3

S3

S3

S3

S3

S4

S4

S4

S4

S4

Table A.11: Raw data for Test 16
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G |G |B

B |G |B

B

E

Total Quality | C1 | C2 | C3 | C4

Expert
E1

E2

E3

E4

E1l

E2

E3

E4

E1

E2

E3

E4

E1

E2

E3

E4

Software

S1

S1

S1

S1

S2

S2

S2

S2

S3

S3

S3

S3

S4

S4

S4

S4

Table A.12: Raw data for Test 17
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G |G

G |G

B

B

G

G

Total Quality | C1 | C2 | C3 | C4

Expert
E1

E2

E3

E4

E1l

E2

E3

E4

E1

E2

E3

E4

E1

E2

E3

E4

Software

S1

S1

S1

S1

S2

S2

S2

S2

S3

S3

S3

S3

S4

S4

S4

S4

Table A.13: Raw data for Test 18
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P

P

G |G |P

G |F

P

F

G |G |G |F

G

G

Total Quality | C1 | C2 | C3 | C4 | C5

Expert
E1

E2

E3

E4

E5

El

E2

E3

E4

E5

E1

E2

E3

E4

E5

El

E2

E3

E4

E5

Software

S1

S1

S1

S1

S1

S2

S2

S2

S2

S2

S3

S3

S3

S3

S3

S4

S4

S4

S4

S4

Table A.14: Raw data for Test 19
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F

F

G |G |G

G |G |P

F

G |G |P

P

G

p

Total Quality | C1 | C2 | C3 | C4 | C5

Expert
E1

E2

E3

E4

E5

El

E2

E3

E4

E5

E1

E2

E3

E4

E5

El

E2

E3

E4

E5

Software

S1

S1

S1

S1

S1

S2

S2

S2

S2

S2

S3

S3

S3

S3

S3

S4

S4

S4

S4

S4

Table A.15: Raw data for Test 20
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P

P

P

G | B

G | E

G |B

B

B

P

G

Total Quality | C1 | C2 | C3 | C4 | C5

Expert
E1

E2

E3

E4

E1l

E2

E3

E4

E1

E2

E3

E4

E1

E2

E3

E4

Software

S1

S1

S1

S1

S2

S2

S2

S2

S3

S3
S3

S3

S4

S4

S4

S4

Table A.16: Raw data for Test 21
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G

F

G |F

G |G

P

G |B |E

B

G |G |B

G

E

G |G |E

G

F

F

Total Quality | C1 | C2 | C3 | C4 | C5

Expert
E1

E2

E3

E4

E1l

E2

E3

E4

E1

E2

E3

E4

E1

E2

E3

E4

Software

S1

S1

S1

S1

S2

S2

S2

S2

S3

S3

S3

S3

S4

S4

S4

S4

Raw data for Test 22

Table A.17:
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