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Abstract - We present a generic argumentation-based 
framework for making decisions under uncertainty by 
fusing knowledge from multiple sources. In this 
framework, arguments for decision options are expressed 
in a high-level knowledge representation language 
incorporating subjective probabilities from decision 
makers representing the argument strengths. To 
aggregate a set of such probabilistic arguments for and 
against the decision options, we apply Dempster-Shafer 
theory to compute degrees of belief for decision options. 
Evidence converted from the underlying knowledge base 
is used to compute degrees of belief, and hence rankings, 
among the decision options. Decision-making based on 
such degrees of belief is therefore based on a strong 
mathematical foundation. The proposed decision making 
framework has been successfully applied in a variety of 
domains ranging from theater missile defense and army 
fire support to medical diagnosis.   

Keywords: argumentation, decision-making, Dempster-
Shafer theory, belief function. 

1 Introduction 
Human decision-making can be regarded as a complex 

information processing activity, which, according to [15], 
is divided into three broad categories, corresponding to 
activities at three different levels of complexity. At the 
lowest level is skill-based sensorimotor behavior, 
representing the most automated, largely unconscious 
level of skilled performance such as deciding to brake 
upon seeing a car ahead. At the next level is rule-based 
behavior, exemplified by simple procedural skills for 
well-practiced, simple tasks such as inferring the 
condition of a playing field based on the current weather. 
Knowledge-based behavior represents the most complex 
cognitive processing, used to solve difficult and 
sometimes unfamiliar problems, and making decisions 
that require dealing with various factors and uncertain 
data. Examples of this type of processing include: 1) 
determining the status of a game (i.e. a sporting event), 
given that there is transport disruption, or 2) choosing the 
best course of action for munitions to be safely 
transported. Our focus here is to develop an 
argumentation framework to support human decision-
making at the knowledge-based level, by providing 
suggestions as to alternative courses of action, and helping 
to determine the most suitable. Human decision makers 

often weigh the available alternatives and select the most 
promising one based on the associated pros and cons. The 
proposed argumentation framework therefore naturally 
supports human decision-makers by augmenting and 
complementing their own cognitive capabilities. 

Two important requirements must be met if we are to 
develop a practical and useful decision support system: 
the system must be both declarative and robust. The 
declarative nature of the system ensures a human readable 
representation of knowledge and human-like reasoning 
with knowledge. Robustness of the system ensures its 
ability to cope with uncertain or missing data in situations 
where the required knowledge is unavailable in the 
underlying knowledge base. We plan to make our 
proposed framework declarative via the use of a high-
level declarative syntax for representing arguments, 
including probabilities to represent their strengths. The 
robustness is assured via representations that allow 
computations over a range of values, and the use of 
Dempster-Shafer theory [17][19] to support combining 
diverse evidence of arguments for and against decision 
alternatives. 

To specify our decision-making framework, we use a 
specialized form of the high-level syntax of the 
knowledge representation language for representing 
arguments, and attach probabilities to represent their 
strengths. To aggregate a set of such probabilistic 
arguments for and against the decision options, we apply 
Dempster-Shafer theory to compute degrees of belief for 
decision options. Evidence converted from the underlying 
knowledge base is used to compute degrees of belief, and 
hence rankings, among the decision options. Decision-
making based on such degrees of belief is therefore based 
on a strong mathematical foundation. Such an 
argumentation based framework is functionally more 
general than classical rule-based experts systems because:  
1) It deals with more expressive knowledge in the form of 
arguments ‘for’ and ‘against’ (as opposed to simple rules 
which deal with only arguments ‘for’), and can use a 
variety of dictionaries; and 2) It incorporates an inference 
mechanism which is capable of aggregating arguments for 
and against decision options, and is therefore more 
general than simple forward chaining. 

The rest of the paper is organized as follows: Section 2 
provides a brief background in argumentation and 
presents our argumentation-based decision-making 
framework. The framework is a non-temporal version of 
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the argumentation-based decision-making framework that 
was developed in [3][4][6], but formalizes explicitly the 
probabilistic arguments to enhance its practicality. Section 
3 presents the approach to aggregation of probabilistic 
arguments via Dempster-Shafer theory. Throughout the 
paper we use the single example of the status of a ball 
game, which is scheduled to occur sometime today, to 
uniformly explain the framework. But in various places 
we augment the ball-game example with examples drawn 
from military decision-making applications.  

2 Decision Making via Argumentation 
We first provide here a brief historical background of 
argumentation. Then we provide concrete examples to 
illustrate the use of argumentation, followed by the formal 
‘domino’ model of argumentation and a knowledge 
representation language for expressing decision constructs 
and beliefs and knowledge in the model. 

2.1 Brief Background in Argumentation 
Toulmin in his book [18] discussed how difficult it is to 
cast everyday practical arguments into classical deductive 
form. He claimed that arguments needed to be analyzed 
using a richer format than the simple if-then form of 
classical logic. He characterizes practical argumentation 
by means of the scheme in Figure 1. 

Data Qualifier, Claim

Warrant

Backing

Rebuttal

The game is 
cancelledSupportsIt is raining heavily

Since
Heavy rain causes the 

playground to be
flooded, a condition 

unsuitable for the game

Because,
According to the game organizer,

70% of times the games have been 
cancelled due to flooded playground

Unless
Special draining system 
has been installed at the 

playground

 
Figure 1: Sports Example of Toulmin’s Argumentation 

As shown in Figure 1, Toulmin’s model decomposes 
an argument into a number of constituent elements: 1) 
Claim: the point a decision maker is trying to make; 2) 
Data: the facts about a situation provided to support the 
claim; 3) Warrant: statements indicating general ways of 
arguing; 4) Backing: generalizations providing explicit 
support for an argument; 5) Qualifier: phrases showing the 
confidence an argument confers on a claim; 6) Rebuttal: 
acknowledges exceptions or limitations to the argument. 
To illustrate, consider an argument claiming that the 
game, which was to be held today, has been cancelled. 

The facts or beliefs (that is, data) on which this claim is 
made are that there is heavy rain. General principles or 
rules, such as “heavy rain causes the playground to be 
flooded, a condition unsuitable for the game”, warrant the 
argument, based on statistical research published by the 
game organizer, which is the backing. Since the argument 
is not conclusive we insert the qualifier “supports” in front 
of the claim, and note the possibility that the conclusion 
may be rebutted on other grounds, such as installation of a 
new drainage system at the game venue, or hearing radio 
commentary that clarifies the game status. 

Figure 2 gives another example, an instantiation of 
Toulmin’s model in the theater missile defense (TMD) 
domain. We have studied the applicability of 
argumentation in the TMD domain to select various types 
of interceptors (e.g. PAC-2/GEM and PAC-3), by taking 
into account factors such as conventional or NBC warhead 
types, cost, etc. 

Data Qualifier, Claim

Warrant

Backing

Rebuttal

The use of ground-
to-air interceptorSupports

Missile launch has been 
detected

Since
Ground-to-air interceptors 
are proved to be effective 

against missiles

Because,
Optimal tracking acquisition point is 

available and the attacking missile is at an 
early flight stage and ground-to-air 

interceptors are proved to be the most 
effective on missiles at their early stages of 

detection

Unless
Probability of kill (PK) is zero

 
Figure 2: TMD Example of Toulmin’s Argumentation 

Our approach is to transform Toulmin’s work to a 
more formal setting, much the same way as in [7]. We too 
deal with the concepts of warrant and rebuttal, but as very 
simple propositional arguments for and against. We do not 
deal with first-order sentences that are more suitable for 
representing backings in Toulmin’s model; rather, we 
introduce the use of a single qualifier called ‘support’. 

2.2 Example Decision Making Process 
We explain here the argumentation based decision-

making framework by continuing with our ball-game 
example, as shown in Figure 3.  



Determine
Game
Status

Decide
Activity

Heavy Rain

Withdraw
Money

Travel to
Town shop

On

Cancelled

Delayed

Shopping

Movie

 
Figure 3: Decision-making flow 

The process starts when the decision maker observes 
heavy rain while preparing to go to town for the game. 
The newly discovered weather status then becomes the 
decision maker’s belief. Given that the decision maker 
“believes” that it is raining heavily, it raises a “goal” of 
finding the status of the game. It then infers from its 
common sense knowledge that there are three possible or 
“candidate” states of the game, On, Cancelled, and 
Delayed, and so constructs arguments for and against 
these alternatives. These arguments use other beliefs of 
his, based on observations such as transport availability 
and radio commentary. In this case the balance of 
“argument” is in favor of the game being cancelled, and 
this conclusion is added into the decision maker’s 
database of beliefs. 

Given this new belief regarding the cancelled status of 
the game, a new goal is raised, i.e. to plan for alternative 
activities. As in determining the status of the game, we 
first enumerate the options. In this case there are two 
options for alternative activities, shopping and going to a 
movie, and the decision maker once again constructs 

arguments for the alternatives, taking into account the 
crowded holiday season shopping, transport, cost, etc., 
and recommends going shopping as the most preferred 
alternative activity on the basis of the arguments. The 
adoption of the shopping “plan” leads to an appropriate 
scheduling of “actions” involved in shopping, such as 
withdrawing money, traveling to town, going to stores, 
etc. The effects of these actions are recorded in the 
decision maker’s database, which may lead to further 
goals, and so on. 

2.3 The Domino Model 
Figure 4, the ‘domino’ model, captures graphically the 

decision-making framework, where the outer chain of 
arrows in the figure represents the above example 
decision-making process. Within our proposed 
framework, a decision schema has several component 
parts: an evoking situation, a goal, one or more 
candidates, and one or more commitment rules. 

A situation describes, as a boolean expression on the 
database of beliefs, the situation or event that initiates 
decision making. For example, a belief that an 
abnormality (e.g. heavy rain) is present may lead to a 
choice between alternative possible causes/effects of it. 

A goal is raised as soon as the evoking situation 
occurs. In particular, the belief that an abnormality is 
present may raise the goal of determining its cause or 
effects. For example, if it is raining heavily then one of its 
possible effects is the cancellation of the game, so 
therefore the goal is to determine game status. Or, if there 
is no radio commentary, we would again want to 
determine the status of the game, as its cancellation causes 
no radio commentary. Typically, a goal is represented by 
a state that the decision maker tries to bring about. 

PlanArguments

ActionSituation

Candidates

Goals

heavy_raindetermine_game_status

•on
•cancelled
•delayed

heavy_rain => support(not on, 0.7);
...

cancelleddecide_alternate_activity

•shopping
•movie

holiday_season =>
support(not shopping,’+’)

...

shopping

•withdraw_money
•travel_to_town
•shop

 
Figure 4: Domino Process View of the Example



Candidates are a set of alternative decision options, such 
as {on, cancelled, delayed}. In principle the set of 
candidates may be defined extensionally (as a set of 
propositions) or intentionally (by rules), but we only 
consider the former case here. 

Arguments are modal-propositional rules that define 
the arguments that are appropriate for choosing between 
candidates for the decision. Argument schemas are 
typically concerned with evidence when the decision 
involves competing hypotheses (beliefs), and with 
preferences and values when the decision is concerned 
with actions or plans. 

Commitment rules (not illustrated in Figure 4) define 
the conditions under which the decision may be 
recommended, or taken autonomously, by the decision 
maker. It may include logical and/or numerical conditions 
on the argument and belief databases. 

The following section shows how we represent a 
decision schema with its components (as described above) 
as a decision construct. 

2.4 Decision Constructs 
The concept of the domino decision scheme and its 

components is captured in a high-level declarative syntax. 
Figure 5 gives the decision construct representing the 
‘Determine Game Status’ decision circle in Figure 3. All 
decisions have an evoking situation, which, if the decision 
maker believes it to be true, raises the corresponding goal. 
The three possible paths from the decision circle go to the 
following three alternative pathways: on, cancelled, 
and delayed. These candidates are represented 
explicitly in the decision construct. The arguments and 
commitments within a decision construct are also 
represented directly. 

decision:: game_status
situation
heavy_rain

goal
determine_game_status

candidates
on;
cancelled;
delayed

arguments
heavy_rain => support(not on, 0.7);
radio_commentary => support(on, 1.0);
not radio_commentary => support(not on, 1.0);
terrorist_attack_threat => support(not on, 1.0);
players_injury => support(cancelled, 0.8);
players_union_strike => support(cancelled, 1.0);
club_financial_crisis => support(not cancelled, 0.6);
transport_disruption => support(delayed, 0.7);

commits
netsupport(X, U) & netsupport(Y, V) &
netsupport(Z, W) & U > V & U > W => add(X).  

Figure 5: Example decision construct 

The decimal number in an argument represents the 
probabilistic measure of support given by the argument to 
the decision candidate. The basic idea is that an argument 
is a reason to believe something, or a reason to act in 

some way, and an argument schema is a rule for applying 
such reasons during decision-making. The more 
arguments there are for a candidate belief or action, then 
the more a decision maker is justified in committing to it. 
The aggregation function can be a simple “weighing up of 
pros and cons” (such as the netsupport function in 
the example of Figure 5), but it represents a family of 
more or less sophisticated functions by which we may 
assess the merit of alternative candidates based on the 
arguments about them.  

In general, an argument schema is like an ordinary 
inference rule with 

support(<candidate>, <sign>) 

as its consequent, where <sign> is drawn from a set 
called a dictionary. The  <sign> represents, loosely, the 
confidence that the inference confers on the candidate. 
The dictionary may be strictly quantitative  (e.g. the 
numbers in the [0,1] interval) or qualitative (e.g. the 
symbols {+, -} or {pro, con}). Here we are dealing with 
probabilistic arguments, so <sign> is drawn from the 
probability dictionary [0,1]. An example argument from 
the decision construct in Figure 5 is 

transport_disruption=> 
support(delayed,0.7) 

where <candidate> is delayed. Informally, the 
argument states that if there is transport disruption then 
there is a 70% chance that the game will be delayed. The 
rest of the arguments of the decision construct provide 
support for and against the decision options based on the 
evidence of radio commentary, lack of radio commentary, 
terrorist attack threat, player’s injury, a player’s union 
strike, and the hosting club’s financial condition. A 
knowledge base for the decision maker consists of a set of 
definitions of this and various other decision tasks. For the 
Dempster-Shafer theory to be applicable, one acceptable 
interpretation of 0.7 is that it is the confidence on the 
source from which the information about the transport 
disruption is obtained. Such a source could be a human 
observer or a sensor placed on a highway. More on this 
interpretation is discussed in the following section.  

A decision maker considers the decision 
game_status in Figure 5 for activation when the belief 
heavy_rain is added to the database.  When the 
decision maker detects this, it checks whether any 
candidate has already been committed. If not, the decision 
will be activated and the goal 
determine_game_status is raised; otherwise no 
action is taken. While the goal is raised, further 
information about the situation (e.g. the weather) can be 
examined to determine whether the premises of any 
argument schemas are instantiated. 

A commitment rule is like an ordinary rule with one of 

add(<property>) 
schedule(<plan>) 



as its consequent. The former adds a new belief to the 
knowledge base, and the latter causes a plan to be 
scheduled (see Figure 6). The scheduled plan is 
hierarchically broken down into actions via plan 
constructs. (Note temporal planning is out of scope in this 
paper.) 

decision:: alternative_activity
situation

cancelled
goal

decide_alternative_ activity
candidates

shopping;
movie

arguments
holiday_season =>

support(no shopping, 0.8);
…

commits
… => schedule(shopping).

 
Figure 6: Decision construct for scheduling action 

Figure 7 shows a self-explanatory decision construct 
for selecting the best course of action (COA) among a set 
of alternatives. 

decision:: Choose_a_COA
situation
munitions_to_be_transported 

goal
secure_a_supply_route 

candidates:
hold_position_and_wait_for_reinforcements
attack_from_the_north
call_in_air_support

arguments
reinforcements_are_days_away =>

support(not hold, .5)
fewer_casualties => support (hold, .5)
heavy_casualties => support (not attack, .7)
surprise => support (attack, .5)
resource_usage => support (not call, .4)
civilian_casualties => support (not call, .7)

commits
netsupport(X,M) & netsupport(Y,N) &
netsupport(Z,O) & M > N & M > O => schedule(X)  

Figure 7: Decision construct for COA selection 

While a decision is in progress, and additional 
arguments then become valid, the decision’s commitment 
rules are evaluated to determine whether it is justified to 
select a candidate. A commitment rule will often make use 
of an aggregation function such as netsupport but this 
is not mandatory. The netsupport function evaluates 
collections of arguments for and against any candidate to 
yield an overall assessment of confidence and establish an 
ordering over the set of candidates; this ordering may be 
based on qualitative criteria or on quantitative assessment 
of the strength of the arguments. This function has the 
form: 

netsupport(<candidate>, <support>) 

In the following section, we implement the netsupport 
function using Dempster-Shafer theory of belief functions 
[17][19].  

The underlying domain knowledge in our decision-
making framework also contains general domain rules and 
constraints. The following is an example rule which 
expresses one of the effects of heavy rain: 

heavy_rain=> 
support(transport_disruption, 0.8) 

The decision-making framework can take into account 
this kind of knowledge (under some restrictions) during 
the aggregation process. The framework has been 
formalized in [6] via a logic of argumentation based on 
modal logics [1][12] and epistemic logics [5][8][13], its 
possible world semantics, and the necessary soundness 
and completeness results. We develop an approach to the 
aggregation of probabilistic arguments in the following 
section. 

3 Aggregation of Arguments 
While various types of classical, modal, and temporal 

logics can be used to represent and reason deductively 
with arguments, the inferencing schemes within such 
logics are insufficient for aggregating arguments, as the 
typical aggregation process is a meta-level reasoning 
involving sets of arguments. The reasoning at the object or 
knowledge base level is carried out using the underlying 
logic of argumentation. In presenting our aggregation 
process via the Dempster-Shafer theory of belief 
functions, we first provide a brief background of the 
theory, and then present the details of the approach. 

The Dempster-Shafer theory [17][19], also known as 
the theory of belief functions, is a generalization of the 
Bayesian theory of subjective probability, to combine 
cumulative evidence or to change prior opinions in the 
light of new evidence. Whereas the Bayesian theory 
requires probabilities for each question of interest, belief 
functions allow us to base degrees of belief for one 
question (e.g. whether the game is on) on probabilities for 
a related question. In our case, an answer to a question 
takes the form of a subjective argument, for example, the 
probability that the status of a game is “delayed” is 0.6 
given a heavy rain condition. These degrees of belief may 
or may not have the mathematical properties of 
probabilities; how much they differ from probabilities will 
depend on how closely the two questions are related. The 
theory is summarized below. 

Let Ω be a finite set of mutually exclusive and 
exhaustive propositions, called the frame-of-discernment, 
about some problem domain ( Ω  ={On, Delayed, 
Cancelled} in our example decision making problem) and 

( )Π Ω  is be the power set of Ω . A basic probability 
assignment (BPA), : ( ) [0,1]m Π Ω → , is used to quantize 



the belief committed to a particular subset A of the frame 
of discernment given certain evidence. The probability 
number ( )m A  says how much belief there is that some 
member of A is in fact the case, where 

( ) 0m Φ =  and ( ) 1
A

m A
⊆Ω

=∑ . 

The value 0 indicates no belief and the value 1 
indicates total belief, and any values between these two 
limits indicate partial beliefs.  If the probability number p 
for only a partial set A of hypotheses is known then the 
residual complementary probability number 1-p is 
assigned to the frame-of-discernment, thus allowing the 
representation of ignorance. A basic probability 
assignment m is Bayesian if ( ) 0m A = , for every non-
singleton set A. For any set A ⊆ Ω  for which ( ) 0m A ≠ , 
A is called a focal element. 

The measure of total belief committed to A ⊆ Ω  can 
be obtained by computing the belief function Bel for 
A ⊆ Ω  which simply adds the mass of all subsets of A: 

( ) ( )
B A

Bel A m B
⊆

= ∑  

A single belief function represents the lower limit of the 
true probability and the following plausibility function 
provides the upper limit of the probability: 

( ) ( ) 1 ( )c

B A

Pl A m B Bel A
∩ ≠Φ

= = −∑  

where cA  is the compliment of A. Two independent 
evidences expressed as two BPAs 1m  and 2m can be 
combined into a single joined basic assignment m by 
Dempster’s rule of combination: 

1 2

1,2 1 2

( ) ( )

( ) 1 ( ) ( )

0

B C A

B C

m B m C
A

m A m B m C

A

∩ =

∩ =Φ


 ≠ Φ= −

 = Φ

∑
∑  

In order to illustrate the theory in the context of our 
example, we consider only the following subset of three 
arguments to make the potential evidence that generates 
support for decision options independent: 

 heavy_rain => support(not on, 0.7) 
 club_financial_crisis => 
  support(not cancelled, 0.6) 
 players_injury => 
  support(cancelled, 0.8) 

Note that Dempster-Shafer theory requires that 
evidences to be combined are independent. In the above 
set of arguments the potential usable evidences (rainy 
condition, financial situation, and players injury) are 
indeed so. The argument relating transport disruption has 
been excluded as it is causally related to the heavy rain 
condition. We have also excluded the definitive arguments 
(with support 1.0) from our consideration to make our 
evidence aggregation process illustration more interesting. 

The first evidence corresponds to the decision maker’s 
observation of heavy rain while preparing to go to town 
for the game. The decision maker has 0.7 subjective 
probability for the game not being on (i.e. cancelled or 
delayed) given such rainy weather. Therefore, evidence of 
heavy rain alone justifies a 0.7 degree of belief that the 
game is not on, but only a zero degree of belief (not 0.3) 
that the game is on. This zero belief does not mean that 
the decision maker is sure that the game is not on (as a 
zero probability would), but states that evidence of heavy 
rain gives the decision maker no reason to believe that the 
game is on. The values 0.7 and 0 together constitute a 
belief function; they can be thought of as lower bounds on 
probabilities ( | )p Cancelled or Delayed Heavy Rain and 

( ( ) | )p Cancelled or Delayed Heavy Rain¬ respectively. 

The focal element is { , }Cancelled Delayed  and 

1({ , }) 0.7m Cancelled Delayed = . We know nothing about 
the remaining probability so it is allocated to the whole 
frame of discernment as 

1({ , , }) 0.3m On Cancelled Delayed = . 

The decision maker also believes that the current 
financial situation of the club is bad, resulting in 0.6 
subjective probability that the game will not be cancelled 
in this situation. The new evidence provides a focal 
element of { , }On Delayed , with 

2 ({ , }) 0.6m On Delayed = . The remaining probability, as 
before, is allocated to the whole frame of discernment as 

2 ({ , , }) 0.4m On Cancelled Delayed = . Considering that 
the current economic condition and transport disruption 
are independent of each other, Dempster’s rule can then 
be used to combine the masses as follows: 

The combined belief and plausibility are computed in 
the Table 1 (tables are at the end of this section). The 
basic probability assignments 1m  and 2m  are different but 
consistent, and therefore the degrees of belief in both 
{ , }Cancelled Delayed  and { , }On Delayed being true (i.e. 
the game is delayed) is the product of 

1({ , })m Cancelled Delayed  and 2 ({ , })m On Delayed , that 
is, 0.42. The revised focal elements and their beliefs and 
plausibilities are shown in Table 2. 

Finally, the players injury situation suggests the focal 
element is { }Cancelled  so that 3({ }) 0.8m Cancelled = , 

3( ) 0.2m Ω = . The Dempster-Shafer rule of combination 
applies as before, but with one modification. When the 
evidence is inconsistent, their products of masses are 
assigned to a single measure of inconsistency, say k. The 
total mass of evidence assigned to inconsistency k is 0.336 
+ 0.144 = 0.48. The normalizing factor is 1 0.52k− = . 
The resulting masses of evidence are as follows: 



({ }) (0.224 0.096) / 0.52 0.62
({ }) 0.084 / 0.52 0.16
({ , }) 0.036 / 0.52 0.07
({ , }) 0.056 / 0.52 0.11
( ) 0.024 / 0.52 0.04

m Cancelled
m Delayed
m On Delayed
m Cancelled Delayed
m

= + =
= =

= =
= =

Ω = =

 

Therefore the combined belief and plausibility are 
computed in the following Table 3. The revised focal 
elements and their beliefs and plausibilities are shown in 
Table 4. 

Let us consider two examples to illustrate two special 
cases for evidence aggregation. Hypothetically, consider 
the case when the set of focal elements of the basic 
probability distribution 2m is exactly the same as 1m . The 
evidence combination table is shown in Table 5. Now, 

({ , })
0.42 0.18 0.28 0.88 0.6 0.7 0.6 0.7

Bel Cancelled Delayed
= + + = = + − ×

 

In general, when two mass distributions 1m  and 2m  
agree on focal elements, then the combined degree of 
belief on a common focal element is 1 2 1 2p p p p+ − × , 

where 1p  and 2p  are evidences on the focal element by 
the two distributions. This formula coincides with the 
noisy-or technique in Bayesian belief networks for 
combining probabilities of variables that have certain 
properties [9][14]. 

As opposed to agreeing on focal elements, if 2m  is 
contradictory to 1m  then an example evidence 
combination is shown in Table 6. Now, 

({ , })
0.28 /(1 0.42) 0.7(1 0.6) /(1 0.42)

Bel Cancelled Delayed
= − = − −

. 

 In general, when two mass distributions 1m  and 2m  
are contradictory, then the combined degree of belief on 
the focal element for 1m  is 1 2 1 2(1 ) /(1 )p p p p− − ×  and 
the combined degree of belief on the focal element for 2m  
is 2 1 1 2(1 ) /(1 )p p p p− − × , where 1p  and 2p  are 
evidences on the focal element by the two distributions.  

Table 1 

 2 ({ , }) 0.6m On Delayed =  2 ( ) 0.4m Ω =  

1({ , }) 0.7m Cancelled Delayed =  1,2 ({ }) 0.42m Delayed =  1,2 ({ , }) 0.28m Cancelled Delayed =  

1( ) 0.3m Ω =  1,2 ({ , }) 0.18m On Delayed =  1,2 ( ) 0.12m Ω =  

Table 2 
Focal Element (A) ( )Bel A  ( )Pl A  

{ }Delayed  0.42 1.0 
{ , }On Delayed  0.60 1.0 
{ , }Cancelled Delayed  0.70 1.0 
Ω  1.0 1.0 

Table 3 
 3({ }) 0.8m Cancelled =  3( ) 0.2m Ω =  

1,2 ({ }) 0.42m Delayed =  0.336k =  ({ }) 0.084m Delayed =  

1,2 ({ , }) 0.18m On Delayed =  0.144k =  ({ , }) 0.036m On Delayed =  

1,2 ({ , }) 0.28m Cancelled Delayed =  ({ }) 0.224m Cancelled =  ({ , }) 0.056m Cancelled Delayed =  

1,2 ( ) 0.12m Ω =  ({ }) 0.096m Cancelled =  ( ) 0.024m Ω =  

 
Table 4 

Focal Element (A) ( )Bel A  ( )Pl A  
{ }Cancelled  0.62 0.77 
{ }Delayed  0.16 0.38 
{ , }On Delayed  0.23 0.38 
{ , }Cancelled Delayed  0.89 1.0 
Ω  1.0 1.0 



Table 5 
 2 ({ , }) 0.6m Cancelled Delayed =  2 ( ) 0.4m Ω =  

1({ , }) 0.7m Cancelled Delayed =  1,2 ({ , }) 0.42m Cancelled Delayed =  1,2 ({ , }) 0.28m Cancelled Delayed =  

1( ) 0.3m Ω =  1,2 ({ , }) 0.18m Cancelled Delayed =  1,2 ( ) 0.12m Ω =  

Table 6 

 2 ({ }) 0.6m On =  2 ( ) 0.4m Ω =  

1({ , }) 0.7m Cancelled Delayed =  0.42k =  1,2 ({ , }) 0.28m Cancelled Delayed =  

1( ) 0.3m Ω =  1,2 ( ) 0.18m On =  1,2 ( ) 0.12m Ω =  

 

4 Conclusions 
In this paper, we have presented an argumentation-

based framework for making decisions under uncertainty. 
Under this framework, arguments for decision options are 
expressed in a high-level knowledge representation 
language incorporating subjective probabilities from 
decision makers representing argument strengths. The 
Dempster-Shafer theory of belief functions computes 
degrees of beliefs for decision options from a set of 
arguments associated with subjective probabilities from 
decision makers. The ‘independent evidence’ assumption 
that is required for the application of Dempster-Shafer 
theory seems to be a bottleneck for its effective 
application. Also, it is a non-trivial task to come up with a 
basic probability assignment for an application of 
Dempster-Shafer theory. On the other hand, Dempster-
Shafer theory can be applied by knowing only the 
decision options, incoming evidence, and a way of 
constructing basic probability assignments. 

We have developed a decision support system called 
REASON (Rapid Expertise Aggregation Supporting 
Optimal Negotiation) that incorporates the proposed 
argumentation-based framework. REASON uses 
argument networks to provide non-technical users with a 
means for making good decisions possible given available 
information. REASON also measures an entropy based 
degree of consensus within an arument network to reflect 
the overall fitness of an argument.   

In the future, we plan to deal with more general forms 
of arguments than just propositional sentences, using, for 
example, first-order and temporal logics, and make 
necessary enhancements to our proposed aggregation 
algorithms (e.g. temporal arguments via dynamic belief 
networks). 

References 
[1] Chellas, B. 1980. “Modal Logic.” Cambridge, U.K.: 

Cambridge University Press. 
[2] Cohen, P. R. and Levesque, H. J. (1990). “Intention is 

choice with commitment.” Artificial Intelligence, Vol. 42, 
13-361. 

[3] Das, S., Fox, J., Elsdon, D., and Hammond, P. (1997). “A 
flexible architecture for autonomous agents”, Journal of 
Experimental and Theoretical AI, 9(4): 407-440. 

[4] Das, S. and Grecu, D. (2000). “COGENT: Cognitive agent 
to amplify human perception and cognition.” Proceedings of 
the 4th Int. Conf. On Autonomous Agents, Barcelona, June. 

[5] Fagin, R. 1988. “Belief, Awareness, and Limited 
Reasoning.” Artificial Intelligence, 34(1):39–76. 

[6] Fox, J. and Das, S. K. “Safe and Sound: Artificial 
Intelligence in Hazardous Applications,” AAAI-MIT Press, 
June 2000. 

[7] Fox, J., Krause, P, and Ambler, S. (1992). “Arguments, 
contradictions, and practical reasoning.” Proceedings of the 
Tenth European Conference on Artificial Intelligence, 
Vienna, August, pp. 623-626. 

[8] Hintikka, J. 1962. “Knowledge and Belief.” Ithaca, N.Y.: 
Cornell University Press. 

[9] Jensen, F.V. (1996). “An Introduction to Bayesian 
Networks.” Springer-Verlag. 

[10] Krause, P. J. (1998). “Learning probabilistic networks.” The 
Knowledge Engineering Review, Vol. 13:4, pp. 321-325. 

[11] Lemmon, E. J. (1977). An Introduction to Modal Logic. 
American Philosophical Quarterly, Monograph No. 11. 

[12] Lemmon, E. J. 1977. “An Introduction to Modal Logic.” 
Basil, U.K.: Blackwell. 

[13] Meyer, J.-J., and Vreeswijk, G. A. (1991). “Epistemic Logic 
for Computer Science: A Tutorial. Part 1.” Bulletin of 
European Association for Theoretical Computer Science 
(EATCS) 44(4): 242–270. 

[14] Pearl, J. (1988). “Probabilistic Reasoning in Intelligent 
Systems: Networks of Plausible Inference.” San Mateo, CA, 
Morgan Kaufmann. 

[15] Rasmussen, J. (1983). “Skills, Rules and Knowledge: 
Signals, Signs and Symbolism, and Other Distinctions in 
Human Performance Models.” IEEE Transactions on 
Systems, Man, and Cybernetics, 12: 257-266. 

[16] Reike, R. D. and Sillars, M. O. (2001). Argumentation and 
Critical Decision Making. Longman, New York. 

[17] Shafer, G. (1976). A Mathematical Theory of Evidence. 
Princeton, NJ, Princeton University Press. 

[18] Toulmin, S. 1956. The Uses of Argument. Cambridge, 
U.K.: Cambridge University Press. 

[19] Yager, R. R., Kacprzyk, J., and Fedrizzi, M. (Editors) 
(1994). Advances in the Dempster-Shafer Theory of 
Evidence. John Wiley & Sons. 


