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Abstract 

The purpose of this paper is to outline some models of inference that can be used in 

describing and analysing the behaviour of real viewers in comprehending a cinematic 

narrative. The viewer’s processes of inference making in the cinema involve the framing of 

hypotheses about the world of the narrative which may be overturned by subsequent 

information and are, therefore, nonmonotonic. The viewer’s reasoning can be modelled 

mathematically, and two approaches are discussed here: the use of Bayes’ Theorem to 

represent and update the subjective and conditional probabilities of an agent is summarised, 

and Peter Abell’s Bayesian approach to the sociological understanding of narratives is 

outlined; and the transferable belief model developed by Phillipe Smets, in which the beliefs 

of an agent are represented by belief functions that do not assume an underlying probability 

distribution. In understanding narratives and the understanding of narratives it is useful to 

represent information visually, and an analytic and synthetic method of representing 

inference via Wigmore charts is outlined.  
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1. Introduction 

The introduction of probability theory to psychology resulted in the ‘inference revolution’ of 

the 1940s and 1950s (Gigenezer & Murray 1987), ultimately leading to the view that man is 

‘an intuitive statistician who acts in order to maximize some specified criteria while 

operating on the basis of probabilistic information’ (Rapoport & Tversky 1970: 118). This 

argument originated with Brunswick (1943) to describe an agent who must operate 

successfully in an environment with incomplete and uncertain information and must, 

therefore, take risks. Probability theory and statistics provided psychologists with a means of 

describing the structure of this environment and for optimal decision making under 

conditions of uncertainty. These methods afforded researchers with a way of revealing and 

representing the behaviour of an agent, while ‘statistical man’ became a normative concept 

against which the inferences and behaviour of real subjects could be tested (Peterson and 

Beach 1967).  

The concept of the viewer as an ‘intuitive statistician’ has appeared fleetingly in film studies 

via the work of David Bordwell and Edward Branigan on narrative comprehension. Bordwell 

(1985: 35-37) describes a viewer whose active comprehension of a narrative involves the 

selection of salient information from a narrative and draws on cognitive schemata to make 

sense of this information. Fundamental to this process is the framing of hypotheses by the 

viewer about the story-world and its events that are tested against subsequent narrative 

information, and these hypotheses are more or less probable. The viewer anticipates the 

likely course of narrative events based on what she believes to be the state of the world, so 
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that ‘cognitive processes help frame and fix perceptual hypotheses by reckoning in 

probabilities weighted to the situation and to prior knowledge’ (1985: 31). Branigan (1992: 

83) also emphasises the role of the revision of narrative knowledge from moment to 

moment, but he links the role of probability in narrative comprehension explicitly to cause 

and effect: the events of a film are principally defined through cause-and-effect, and are 

linked together by probabilities as the viewer assesses and evaluates the relative likelihood 

that particular events occur together drawing upon her cultural knowledge about which 

actions and transactions are acceptable (and therefore likely) to occur together (1992: 26-

27). A similar argument is made by Carroll (1984) in relation to the suspense film, 

emphasising both the tentative nature of the viewer’s hypothesising and the likelihood of 

narrative events, but is not presented as a general theory of film comprehension.  

Both Bordwell and Branigan give the viewer’s reckoning of probabilities a central role in 

narrative comprehension and both refer explicitly to notions of ‘probability’ and ‘likelihood.’ 

However, they derive these arguments from different trends of experimental psychology: 

Bordwell follows in the tradition of Jerome S. Bruner and Leo Postman via Gombrich (1977) 

in taking perceptions to be hypotheses about the world based on partial information; while 

Branigan’s linking of probability to causality has its origins of Kelley’s (1973) concept of 

covariation in attribution theory. Despite the apparent importance of probability in 

theorising the viewer’s activity, neither Bordwell nor Branigan develops the role of 

probability beyond their preliminary theorising. It is simply accepted that some part of 

cognition is probabilistic with no explanation of how this operates in practice. ‘Probability’ is 

presented as a singular concept, with no discussion of the alternative approaches to 

probability theory about which statisticians (strongly) disagree. Consequently, it is not clear 

if cognition is to be understood as functioning in a frequentist manner (either that of 

Neyman-Pearson or Fisher) or is Bayesian in its operations (Cosmides & Tooby 1996). The 

viewer described by both Bordwell and Branigan is purely theoretical, and neither discusses 

the methodological aspects of gathering data from real viewers to test those theories (see 

Magliano 1999). Nor do they present a mathematical formalism for representing and 

evaluating the probabilistic inferences of a viewer.  

For Branigan, narration is ‘determined by a flow of knowledge ... One of the tasks of a 

narrative theorist is to provide a set of terms and categories with which to uncover the 

distribution of knowledge in a text and to define the logic which moves our thinking through 

a series of phases’ (1992: 82). The purpose of this paper is to outline some models of 

inference that can be used in describing and analysing the behaviour of real viewers in 

comprehending a cinematic narrative. I begin by arguing, in a similar fashion to Bordwell, 

Branigan, and Carroll that the viewer’s processes of inference making in the cinema involve 

the framing of hypotheses about the world of the narrative which may be overturned by 

subsequent information and are, therefore, nonmonotonic. Nonmonotonic inference has 

played an important role in the study of logic, human reasoning, and artificial intelligence; 

and several techniques for mathematical modelling have been developed to explore and 

apply such reasoning. Two approaches to modelling the inferences of a cinematic viewer are 

discussed here. In section 3, the use of Bayes’ Theorem to represent and update the 

subjective and conditional probabilities of an agent is summarised, and Peter Abell’s 

Bayesian approach to the sociological understanding of narratives is outlined.1 The second 

method discussed in section 4 is an application of Dempster-Shafer evidence theory 

                                                                    
1 Here the term ‘agent’ refers to anyone who holds a degree of belief about an event or 
hypothesis. In the cinema, the agent referred to is the viewer, whereas in literature it would 
be the reader, and so on. 
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developed by Philippe Smets called the transferable belief model, in which the beliefs of an 

agent are represented by belief functions that do not assume an underlying probability 

distribution. In discussing the applications of these methods in film studies I assume that 

some aspects of reasoning are probabilistic in an intuitive sense but not in a mathematical 

sense – that is, concepts like ‘chance,’ ‘likelihood,’ ‘odds,’ etc. are used in everyday reasoning 

and sometimes they are represented numerically, but only rarely does an agent explicitly 

perform calculations to determine the probability of an event. Nonetheless, I assume that 

mathematical probabilities can be used to represent and analyse our intuitive probabilistic 

reasoning so that it may be better understood. It is important to maintain a distance between 

the object being modelled and the model itself – thus, some aspects our everyday reasoning 

can be modelled by Bayes’ Theorem but this does not mean that our reasoning is Bayesian. I 

therefore understand man to be an ‘intuitive statistician’ in a weaker sense than is typically 

intended by the phrase. In understanding narratives and the understanding of narratives it is 

useful to represent information visually, and a method of representing inference using 

Wigmore charts is described in section 5. The methods discussed are illustrated using 

examples taken from episodes of CSI: Crime Scene Investigation (Jerry Bruckheimer 

Television, 2000- ).  

2. Nonmonotonic reasoning 

 

I don’t expect you to be correct in all your interpretations all the time.  

You collected the evidence.  You thought there was something missing;  

you went back and found it.  Hey, that’s the job. 

CSI Gil Grissom 

CSI: Crime Scene Investigation 5.11, ‘Who Shot Sherlock?’ 

 

In everyday reasoning, we are required to think and act in situations where we do not – and 

in many instances cannot – have complete information. Consequently, we arrive at plausible 

conclusions based on the assumption that the world is ‘normal’ and ‘as expected.’ Without 

doing so we could scarcely function in the world. However, we may find that the world is not 

‘as expected’ and that the specific situation encountered is atypical or even novel.  

Our conclusions will turn out to be flawed, and must be updated to reflect what we have 

learnt or be discarded entirely to be replaced with new conclusions. Such reasoning is 

nonmonotonic (Antoniou 1997, Brewka et al. 2007, Liu 2001) and is defeasible: the 

hypotheses and beliefs we hold about the world are provisional and can be overturned  

by new information without withdrawing any of the original premises.2 For example, 

noticing the grass is wet I assume that it has rained, as it often does; but upon learning that a 

sprinkler has been used to water the garden I retract my original conclusion in the light  

of this new information, without giving up the premises that it often rains and that when it 

does so the grass will be wet. Nonmonotonic reasoning has been the subject of intense  

focus in the fields of logic and artificial intelligence since the 1980s; but we should, as 

                                                                    
2 Monotonic reasoning is not defeasible and cannot be invalidated by the addition of new 
premises: �� � → �, �	
 � ⊂ ��, ℎ�	 �� → �. In other words, if P can be inferred from the set 
of premises S, then it can be inferred from any augmented set of premises (��) containing S. 
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Alexander Bochman argues (2001: 1), also recognise the vital necessity of nonmonotonicity 

in its relation to everyday reasoning. 

Human rational activity is not reducible to collecting facts and deriving their 

consequences; it embodies an active epistemic attitude that involves making 

assumptions and wholesale theories about the world and acting in accordance 

with them. In other words, we also give it structure in order to make it 

intelligible and controllable. 

Bochman goes on to state that nonmonotonic inference involves using justified beliefs and 

reasonable assumptions that can guide us in our behaviour, and can be understood as a 

theory of forming and testing assumptions in a reasoned and principled way.3 There are 

clear similarities between the ‘active epistemic attitude’ of nonmonotonic inference and 

theories of narrative comprehension that depend on the framing and testing of hypotheses 

(Bordwell) and the revising and remaking of narrative knowledge (Branigan and Carroll). 

We can therefore use theories of nonmonotonic reasoning to derive the ‘terms and 

categories’ to describe narrative comprehension and to ‘define the logic’ of narrative 

comprehension. 

The reasoning of a viewer in narrative cinema is nonmonotonic for a number of reasons. 

First, narrative information is parcelled out over the course of a film so that the viewer will 

not possess complete knowledge of a story until the end of the film, and even then some 

ambiguity may remain. In Citizen Kane (Orson Welles, 1941), for example, Thompson’s 

investigation reveals progressively more and more about the life of Charles Foster Kane so 

that the range of the viewer’s knowledge is expanded after each interview. As our knowledge 

expands, our opinion regarding the meaning of ‘Rosebud’ may change, but this does not 

necessarily lead to a definitive conclusion with regard to its meaning. Second, the 

information derived from a narrative may be deliberately misleading, as false leads are 

provided to generate suspense and the climax of a story delayed. The viewer is encouraged 

to develop a coherent line of thinking about the world of the narrative only for this to be 

overturned by some revelation that the opposite has always been the case. In Psycho (Alfred 

Hitchcock, 1960), the belief that Mrs. Bates is both alive and a killer is entirely consistent 

with the information we have until the moment when Lila discovers Mother’s corpse in the 

basement and is attacked by a be-frocked Norman. Third, narrative information may be 

paraconsistent.4 The description of fictional situations, characters, and objects may be 

inconsistent with the knowledge held by a viewer about the real world creating a conflict 

between generic and cultural regimes of verisimilitude. Paraconsistency may be evident in 

the multiplicity of narratives in a film: Run, Lola, Run (Tom Twyker, 1998), for example, 

presents three different versions of the same narrative with incompatible outcomes. Equally, 

it may arise in the multiplicity of the perspectives of an event by different characters in a 

film, leading to inconsistent conclusions and meanings. The classical example of such a 

narrative is Rashomon (Akira Kurosawa, 1950). In contrast to situations where the viewer 

operates with incomplete information, paraconsistency may arise because the viewer has too 

much information. Fourth, the viewer’s recognition of what is relevant information and the 

importance assigned to it is dependent upon the depth and range of her knowledge about a 

film in particular (obtained from publicity materials, reviews, word of mouth, etc), about 

                                                                    
3 More properly, nonmonotonic reasoning can be approached via several theories of logical 
inference including abductive reasoning, default logic, autoepistemic logic, and 
circumscription. 

4 Paraconsistent logics for belief revision afford another opportunity for exploring the 
inferences of viewers but are not discussed here. 
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similar texts (genre, films by the same director, or featuring the same stars, etc), and about 

the world in general (knowledge of history, laws of physics, social roles and conventions, 

etc). A naive viewer may, when confronted with an unfamiliar film, construct hypotheses that 

subsequently have to be withdrawn because she lacks critical knowledge. The naivety of the 

viewer may also lead her to simply fail to recognise the saliency of a piece of information. 

Fifth, in order ensure the audience will return to the cinema, every film needs to be (at least) 

a little bit different from the last and so each film will (in some way) deviate from the 

expectations of the viewer. In this way, even a knowledgeable viewer may also be caught out 

by the unexpected, and will need to reassess her interpretations and expectations of a film. 

One way in which nonmonotonic reasoning can be seen to operate in the comprehension of 

narrative cinema is the role of abduction. Abduction refers to the process of generating an 

explanatory hypothesis that allows a cause to be inferred from a set of observations. As there 

may be several possible explanations for the same data, a set of hypotheses may be 

generated (Josephson 1994). Charles S. Peirce described abduction as ‘an act of insight, 

although of an extremely fallible insight’ (quoted in Flach & Kakas 2000: 7); and is 

nonmonotonic because it draws defeasible conclusions from incomplete data (Magnani 

2001: 23-25). For example, in Glengarry Glen Ross (James Foley, 1992) the new customer 

leads for the salesmen are stolen from a real estate office and an investigation is set in 

motion to identify the perpetrator(s). The poor performance of the sales office brings the 

salesmen under suspicion: Dave Moss has been talking up stealing the leads with George 

Aaronow in order to sell them to a rival company; Shelley Levine is desperate for good leads 

to end his barren streak and to raise much needed funds for his daughter’s medical 

treatment; while Ricky Roma is (relatively) successful but ruthless and unscrupulous. 

Another alternative is that some unknown person(s) broke into the office and stole the leads. 

The viewer constructs a range of possible solutions of the order ‘� is guilty of the robbery,’ 

one of which will ultimately be revealed to be the truth at the climax of the narrative. As the 

viewer has several possibilities to choose from she may prefer one hypothesis over the 

others given the information she has acquired, but this preference may be revised by the 

introduction of new evidence: Dave Moss’s threats to steal the leads appear to have been 

realised and this may make him the prime suspect in the eyes of the viewer; but it is later 

revealed that Shelley Levine is the culprit even though the viewer may not have considered 

this to be a credible outcome at an earlier time. This process of subjecting hypotheses to 

empirical testing was termed induction by Peirce. Abduction thus allows the viewer to 

orientate herself throughout the progression of the narrative by generating plausible 

explanations to account for what she has observed and that are then subjected to inferential 

testing as new evidence becomes available. It is clear that, although he does not refer to 

abduction or induction, Bordwell’s (1985) description of the active viewer is abductive-

inductive in its combination of hypothesis generation and hypothesis testing, as is Branigan’s 

(2002) description of the ‘multiple drafts’ of a narrative created by a viewer. 

A second instance on nonmonotonic reasoning is the role of default rules in genre films. A 

genre is comprised (in part) of a set of stock characters and narrative situations that are 

common across a group of films. These common features may lead the viewer to form 

hypotheses about the status of characters or the future course of events based on her 

knowledge of what normally occurs in similar narrative situations. In other words, given a 

narrative situation the outcome may be inferred, if it is consistent with the rest of our 

knowledge about similar films. This process can be described using default logic, which deals 

with reasoning where a rule generally applies but which admits the possibility of exceptions 

(Reiter 1980). Such rules are of the order ‘if A, then normally B,’ and allow an agent to form a 

hypothesis in the absence of contradictory information. For example, in Scream (Wes Craven, 
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1996) a group of teenagers at a party are discussing the rules of the ‘slasher’ film, one of 

which is ‘Never, ever, ever, under any circumstances, say “I’ll be right back.”’ At this point Stu 

leaves the room saying ‘I’ll be right back.’ In the slasher film, those characters showing such 

optimism about their survival are usually dispatched by the killer in bloody fashion, so that 

when we hear a character (�) say ‘I’ll be right back’ we expect they will be killed. The default 

rule in this situation can be represented formally as 

  

′���� �� ���ℎ ����′ ��� ∶ �����
���
�����
���  , 

 

which states if � says ‘I’ll be right back,’ and it is consistent with what is known to assume that 

anyone who says ‘I’ll be right back’ will be killed, then assume � will be killed. The inference is 

nonmonotonic because an exception to this rule may occur and thereby confound the 

expectation of the viewer. This is in fact the case in Scream: Stu is not killed because, we later 

learn, he is one of the killers. Other default rules for the slasher genre relate to having sex 

(almost certainly a death sentence), taking drugs or alcohol (ditto), being a virgin (which 

may ensure longevity), and being a girl with a male-sounding name (virtually a guarantee of 

survival) (see Clover 1992). A genre can be thought of as a default database comprised of a 

set of rules that structure the viewer’s experience of a film by motivating the knowledge she 

possesses. 

3. A Bayesian model of narrative inference 

Bayesian probability theory is a simple method for modelling probabilistic inference, and has 

its origins in the work of the Reverend Thomas Bayes  and Pierre-Simon Laplace in the 

eighteenth and early-nineteenth centuries (see Bolstead 2004, Goldstein 2006, Hald 1998: 

133-154, Koch 2007, Pearl 1988: 29-73). In this section, some key concepts in probability 

theory are defined and Bayes’ theorem will be introduced. Peter Abell’s application of 

Bayesian probability to narrative inference is presented, and this is illustrated with an 

example from an episode of CSI: Crime Scene Investigation.  

3.1 Subjective probability, conditional probability, and Bayes’ theorem 

 

It’s interesting how we categorize evidence in terms of what it means  

to us as opposed to what it might mean to the case. 

CSI Gil Grissom 

CSI: Crime Scene Investigation 1.21, ‘Justice is Served’ 

 

Bayesian probabilities represent the uncertainty of an agent as her degree of belief in an 

event or a proposition, denoted by ���� (‘the probability of A’). The intensity of this belief is 

expressed as a real number in the range 0 to 1, where the extremes are the certainties of 

impossibility/falsehood and inevitability/truth respectively, and maximum uncertainty 

occurs where ���� = 0.5 (see Figure 1).  
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Figure 1 The probability scale for an event/statement A 

 

Bayesian probabilities are subjective probabilities, but they are not arbitrary: probability was 

described by Laplace as ‘only good sense reduced to calculus’ (quoted in Cosmides & Tooby 

1996: 2) and by Edwards et al. (1963: 194) as ‘orderly opinion.’ A Bayesian approach 

therefore assumes a rational agent who holds a belief about A based on the information 

available to her. Different agents may possess different information about A, and so the value 

of ���� will be personal to each agent. The locus of uncertainty is, therefore, the agent. Any 

value of ���� should (ideally) be indexed with the identity of the agent whose belief it 

describes, and be understood, for example, as ‘the probability for her that A is true’ (Edwards 

et al. 1963: 197). Bayesian probabilities can, then, be thought of as a measure of the state of 

knowledge of an agent given the evidence available to her; and are clearly distinct from the 

empirical probabilities derived from a physical experiment (Jaynes 2003). 

Bayesian probabilities are not fixed and are updated as new evidence becomes available to 

an agent, so that ‘inference from data is nothing other than the revision of such opinion in the 

light of relevant new information’ (Edwards et al. 1963: 194). The updating of belief involves 

calculating the conditional probability of A in the light of some new piece of information B, 

and is written as ���|"� (‘the probability of A given B’). The method for calculating such a 

conditional probability is  

 

 ���|"� = ��� ∩ "�
��"�  , (3.1) 

 

unless ��"� = 0. ��� ∩ "� is the probability that both A and B occur; and the normalising 

constant ��"� is the marginal probability of B given by the law of total probability:  

 

 ��"� = ��� ∩ "� + ��¬� ∩ "� . (3.2) 

 

¬� (‘not A’) is the negation of A, and the ‘probability of not A’ (��¬��) is the complement of 

����. As the sum of all probabilities is unity, to calculate ��¬�� we simply subtract ���� 

from 1: ��¬�� = 1 − ����.  

These two concepts of probability – probability represents an agent’s degree of belief and 

learning from data – are combined in Bayes’ theorem. Bayes’ theorem is a means for 

���� = 0.0 ���� = 0.5 ���� = 1.0 

A is impossible 

A is certainly false 

A is inevitable 

A is certainly true 

A may or may not occur 

A may be true or false 
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calculating the specific probability of a proposition given the observed data, and which 

makes possible the updating of a subjective probability held by an agent to the conditional 

probability given new information. The relationship between subjective probabilities, 

conditional probabilities, and the application of Bayes’ Theorem is summarised by Michael 

Goldstein: 

You are uncertain about many things in the world. You can quantify your 

uncertainties as probabilities, for the quantities you are interested in, and 

conditional probabilities for observations you might make given the things you 

are interested in. When data arrives, Bayes’ theorem tells you how to move 

from your prior probabilities to new conditional probabilities for the quantities 

of interest (2006: 403). 

Bayes’ Theorem is  

 

 ���|"� = ��"|�� ����
��"�  ; (3.3) 

 

and the marginal probability of B is  

 

 ��"� = ��"|������ + ��"|¬����¬�� . (3.4) 

 

In equation 3.3, ���� is the prior probability of A and represents the initial belief of an agent; 

and ���|"� is the posterior probability of A given B and quantifies the updated belief of an 

agent in the light of new information. The likelihood of a given piece of information (��"|��) 

represents the subjective belief of an agent that B would be observed if the hypothesis A is 

true. The transformation of the prior into the posterior probability formally expresses what 

the agent has learnt about A from analysis of the data. It is clear that Bayes’ theorem is the 

same as the process for calculating conditional probabilities in equation 3.1, and that 

equations 3.2 and 3.4 are the same. The process of updating belief follows the structure 

shown in Figure 2. 

 

 

 

 

 

 

Figure 2 The process of updating probabilities using Bayes’ Theorem 

Prior  

probability 

New  
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Bayes’  

Theorem 

Posterior  
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If an agent repeatedly updates her belief as new information becomes available, then that 

belief accumulates in the posterior probability as a summary of all the relevant information 

at that time; and, applying Bayes’ theorem iteratively, the posterior probability after the kth 

piece of evidence becomes the prior probability for revision in the light of the kth+1 piece of 

evidence. Bayes’ theorem is also applicable in situations where there are multiple 

hypotheses for a variable and which satisfy two conditions: the hypotheses are mutually 

exclusive; and the hypotheses are collectively exhaustive. In these circumstances Bayes’ 

theorem is written as 

 

 ���)|"� = ��"|�)� ���)�
∑ �+",�-.�+�-./-01

 , (3.5) 

 

where �)  is the ith hypothesis under consideration; and the denominator is the marginal 

probability of B across the set of all possible hypotheses.  

3.2 Applying Bayes’ theorem to narrative inference 

 

This is a set of prints on the inside of the plastic sheeting we found in the dumpster.   

What are the odds they belong to you? 

CSI Sara Sidle 

CSI: Crime Scene Investigation 1.5, ‘Friends & Lovers’ 

 

The following method was described by Peter Abell (2007, 2009) for the analysis of 

narratives in social situations, but it can also be used in modelling the viewer’s reckoning of 

subjective probabilities in narrative cinema. Abell views the creation of narratives by agents 

as a means by which they come to form a coherent picture of the world in order to explain 

how they believe an event was caused or how the world is causally transformed from one 

state to another. Narratives also provide a basis for decision making as agents compare how 

their current situation is causally generated with the causal structure of past similar 

situations as a guide to future action. Consequently, he argues that narratives lie at the 

foundations of our cognitive processes and that a Bayesian form of causal inference 

underpins narrative analysis.  

Abell’s method is based on Bayes’ Theorem and expresses degrees of belief in terms of the 

logarithm of the odds ratio of a hypothesis and the likelihood ratio of a piece of evidence 

(also called the Bayes’ factor). The odds ratio of a hypothesis (H) is derived by dividing the 

probability that a hypothesis is true (��2�) by the probability that the hypothesis is not true 

(��¬2�): 

 

 3

4�2: ¬2� = ��2�
��¬2� . (3.6) 
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The posterior odds ratio of H given a piece of evidence (E) is 

 

 3

4+�2: ¬2�,6. = ��2|6�
��¬2|6� = ��6|2���2�

��6|¬2���¬2� , (3.7) 

 

where ��6|2� is the probability that E would be observed if H is true, and ��6|¬2� is its 

complement. If the likelihood ratio (78) of E on H and ¬2 is  

 

 78 = ��6|2�
��6|¬2� , (3.8) 

 

then the posterior odds are equal to the product of the prior odds and the likelihood ratio so 

that 

 

 3

4+�2: ¬2�,6. = 78 × 3

4�2: ¬2� , (3.9) 

 

and 

 

 log 3

4+�2: ¬2�,6. = log 78 + log 3

4�2: ¬2� , (3.10) 

 

where log 78  is a measure of how the odds of H against ¬2 alter as a consequence of E. 

Referring to Good (1983), Abell points out that expressing 78  in logarithmic terms allows for 

a simple interpretation of the change of odds in terms of a difference and locates no 

evidential impact at zero, so that 

• log 78 = 0 if E has no impact on the odds (��6|2� = ��6|¬2�), and the degree of 

belief in H remains unchanged; 

• log 78 > 0 if E has a positive impact on the odds (��6|2� > ��6|¬2�), and the 

degree of belief in H increases; and, 

• log 78 < 0 if E has a negative impact on the odds (��6|2� < ��6|¬2�), and the 

degree of belief in H decreases. 

Evidence can therefore be thought if as neutral, positive, or negative depending on how the 

belief in H changes. For n conditionally independent items of evidence, 

 

 78? = 781 ∙ 78A ∙, … ,∙ 78/ = C 78)

/

)01
 , (3.11) 
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and, therefore, 

 

 log 78? = log 781 + log 78A +, … , + log 78/ = D log 78)

/

)01
 , (3.12) 

 

where log 78?  is a measure of how all the items of conditionally independent evidence 

combine in support of or against H.5  

The change in log 3

4�2: ¬2|6� can be represented graphically, with evidence on the �-

axis. As evidence is presented to the viewer sequentially in terms of the syuzhet (but not 

necessarily in terms of the fabula), the �-axis also represents the viewer’s experience of a 

film in time. Such a graph can be made easier to understand by following Abell’s (2007) 

recommendation to limit the range of log 3

4 to four orders of magnitude, so that when 

log 3

4 is less than -2.0 it is set to -2.0 and when it exceeds 2.0 it is set to 2.0. We will not 

regard these limits as acceptance that a hypothesis is necessarily proven, as there may be 

circumstances in which the belief of the viewer may reach these limits only to be radically 

overturned by some new evidence (as noted in the example of Psycho in section 2). It is 

useful to think of evidence that reinforces belief once these limits have been reached as 

redundant. 

3.3. Example 1: Officer Tyner and the missing bullet 

 

Okay.  One dead boss.  Three live employees.  I like the odds. 

CSI Nick Stokes 

CSI: Crime Scene Investigation 3.13, ‘Random Acts of Violence’ 

 

To illustrate the application of Abell’s Bayesian approach to narrative inference, I use an 

example taken from episode 1.06 from CSI: Crime Scene Investigation (‘Who Are You?)’. This 

narrative follows crime scene investigators Sara Sidle and Warwick Brown as they 

investigate an ‘officer-involved shooting,’ in which it would appear that Las Vegas Police 

Officer Joe Tyner has executed a suspect rather than arrest him. Before any evidence (6E) is 

made available to the viewer, we will assume that she has no reason to prefer the hypothesis 

(H) that ‘Officer Tyner is guilty of killing the suspect’ over its negation (¬2), ‘Officer Tyner is 

not guilty of killing the suspect,’ and so both possible outcomes are assigned equal 

probabilities. Therefore 

 

 3

4�2: ¬2|6E� = ��2�
��¬2� = 0.5

0.5 = 1.0 ,  

 

                                                                    
5 The common logarithm is used throughout this paper. 
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and log 3

4 �2: ¬2|6E� = 0.0. In the absence of evidence, the viewer has no opinion 

regarding the truth or falsity of H and, in accordance with the principle of insufficient reason, 

regards either outcome as equally probable.6 The first piece of evidence (61) to be presented 

is the testimony of Officer Tyner – responding to a ‘shots fired’ incident, Officer Tyner 

pursued the suspect into a parking lot and, having drawn his weapon, was about to make an 

arrest when the suspect drew his weapon and turned it on himself, committing suicide whilst 

babbling about not going back to jail because he was ‘looking at three strikes.’ In these 

circumstances, ¬2 is equivalent to ‘the suspect committed suicide.’ Officer Tyner is not a 

regular character in the show and so the viewer does not know how reliable his testimony is, 

but as he is a police officer she is prepared to give him the benefit of the doubt. However, his 

story seems scarcely credible (the suspect’s suicide seems under-motivated) and so she 

unsure of what to make of this. In light of this uncertainty the viewer does not consider this 

to be decisive evidence of Officer Tyner’s guilt or innocence; and believes that the probability 

that this evidence would be observed if H is true is ��61|2� = 0.5 and ��61|¬2� = 0.5, so 

that 781 = E.F
E.F = 1.0 and log 781 = 0.0 The updated belief of the viewer that H is true in light 

of the evidence 61is 

 

log 3

4+�2: ¬2�,61. = log 3

4�2: ¬2|6E� + log 781 = 0.0 + 0.0 = 0.0 . 

 

In other words, this evidence is regarded as neutral and so the viewer does not change her 

belief that Officer Tyner has shot the suspect. The viewer next learns that there is a bullet 

missing from Officer Tyner’s service weapon (6A), and regards this as strong evidence that if 

Officer Tyner had shot the suspect then this would be the case. Consequently, she believes 

that the probability that this evidence would be observed if H is true is ��6A|2� = 0.8 and 

��6A|¬2� = 0.2, so that 78A = E.I
E.A = 4.0 and log 78A = 0.6. The updated belief of the viewer 

that H is true in light of the evidence 6Ais 

 

log 3

4+�2: ¬2�,6A. = log 3

4�2: ¬2|61� + log 78A = 0.0 + 0.6 = 0.6 . 

 

This evidence is regarded as positive and leads the viewer to increase her belief in  

the hypothesis that Officer Tyner did shoot the suspect.  

Subsequent evidence reveals that Officer Tyner does not fully load his weapon on purpose in 

order to prevent it jamming and therefore his gun was always one bullet shy (6L); that 

Officer Tyner has a number of complaints in his file, including some for excessive use of force 

(6M); and that an eyewitness claims to have seen Officer Tyner shoot the suspect (6F). 6L 

sounds plausible but equally might be the excuse of guilty man. 6M suggests a pattern of 

behaviour that provides some context for interpreting the events in question. 6F would 

appear to be conclusive when put together with what is already known, but the witness is a 

joyrider who observed the alleged shooting from distance and at night and so some 

                                                                    
6 The principle of insufficient reason states that for n mutually exclusive and collectively 
exhaustive hypotheses, which cannot otherwise be distinguished, each hypothesis should be 
assigned a probability of 1/	. Prior probabilities assigned in this way are non-informative.  
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scepticism is called for on the part of the viewer. All in all, this evidence paints a seemingly 

damaging picture of a police officer summarily executing a suspect; but it is ultimately 

revealed that the bullet that killed the suspect is matched to his own gun (6N), and so Officer 

Tyner was telling the truth and the suspect did commit suicide rather than face jail. The 

viewer assigns a probability to each of these pieces of evidence, and updates her belief that 

Officer Tyner is guilty (i.e. H is true) according to method demonstrated above. These results 

are presented in Table 1, and the change in log 3

4+�2: ¬2�,6).  is represented in Figure 3.  

 

Table 1 The viewer’s assessment of the likelihood of evidence for a narrative in CSI: Crime Scene 

Investigation 1.06, ‘Who Are You?,’ and the corresponding change in log 3

4+�2: ¬2�,6).. 

Evidence O�PQ|R� STU VPQ STU WXXY+�R: ¬R�,PQ. 

PZ: No evidence - - 0.00 

P[: Officer Tyner’s testimony 0.50 0.00 0.00 

P\: Bullet is missing from Officer  
Tyner’s weapon 

0.80 0.60 0.60 

P]: Officer Tyner’s explanation of P\ 0.50 0.00 0.60 

P^: Officer Tyner’s record of violence 0.80 0.60 1.20 

P_: Eyewitness testimony 0.70 0.37 1.57 

P`: Bullet is matched to suspect’s weapon 0.00* -4.00 -2.43 

* O�P`|R� = Z. ZZZ[  and represents an arbitrarily small value. 

 

 

Figure 3 The viewer’s updated belief for a narrative in CSI: Crime Scene Investigation 1.06,  

‘Who Are You?,’ represented as the change in log 3

4+�2: ¬2�,6).. The range has been 

restricted to four orders of magnitude, and so log 3

4+�2: ¬2�,6N. has been set to -2.00. If H  

(the solid line) is not true, then by disjunctive syllogism ¬2 (the dotted line) must be true and is 

the inverse function of the viewer’s belief in H. 
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3.4. An evaluation of the Bayesian approach 

A Bayesian approach to modelling the inferences of the viewer uses simple concepts like 

subjective and conditional probabilities, odds ratios, and learning from data; and the 

calculations are easy to perform. The frequentist objection that Bayesian probabilities are 

not probabilities at all – because they are not defined as the relative frequency of an event 

over a reference class (i.e. a group of similar narratives) and represent only the subjective 

opinion of an agent – is not compelling. It is precisely that subjective component of narrative 

comprehension that we are trying to understand, and the Bayesian conception of probability 

allows us to achieve this where a frequentist approach is not appropriate to the task. There 

are many narrative situations where it is not possible to express a frequentist probability 

because no reference class exists. Bayes’ theorem makes it possible to define a probability 

for an individual event, and this is valuable when dealing with unique narratives. A viewer’s 

understanding of the frequency of narrative events will be will be personal to her because 

this understanding is dependent upon the level of that viewer’s generic competence – the 

viewer who has watched every episode of from ten seasons CSI: Crime Scene Investigation 

will understand the frequency with which a DNA test correctly identifies a suspect very 

differently to the viewer who has only seen 20 episodes, whilst a viewer who has never seen 

the show before will not be able to define any such frequency. Furthermore, there may be 

several reference classes in operation in a narrative at the same time (e.g. Hollywood films, 

westerns, films starring Clint Eastwood, etc.), and it is not clear how the viewer is to 

objectively determine which frequency is to form the basis of her opinion. This problem is 

particularly acute if the probabilities derived from different classes are paraconsistent and 

would lead to the viewer holding contradictory beliefs. This does not mean that frequencies 

do not play a role in narrative comprehension – assumptions about what constitutes ‘normal’ 

in the default logic of genres are clearly dependent upon the repetition of narrative events 

across a range of films – but this knowledge will be used in the assigning of a subject 

probability that represents the belief of the viewer rather than as an ‘objective’ probability. If 

the viewer’s comprehension of cinematic narratives is probabilistic in the manner proposed 

by Bordwell and Branigan, then it is the Bayesian method that is the most useful in modelling 

that comprehension. 

While the Bayesian method allows us to apply a powerful probabilistic approach in a simple 

manner, there are some significant drawbacks to modelling inference in this way. First, there 

is a problem with the terminology: the frequentist claim that Bayesian probabilities are not 

probabilities is not unreasonable, because when we say ‘probability’ we actually mean 

‘belief’ and these terms are not necessarily synonymous. Second, added to this 

terminological confusion there is the potential for numerical confusion. We intuitively think 

of zero as the absence of a property (such as belief), but in probability theory it represents a 

specific type of certainty: if ��2� = 0.0, then H is certainly false. The point of maximum 

uncertainty is ��6|2� = 0.5, but this may be understood as quite strong evidence for H that 

would lead the viewer to increase her belief in that hypothesis, when in fact assigning this 

value to the likelihood of an event renders this evidence neutral and results in no change in 

the belief of the viewer.  

Third, the use of a single value to represent the belief of an agent may distort the level of 

precision that is actually achievable: when we say that the probability it will rain is 0.8 we 

may mean that the probability is approximately 0.8 because we know that exact prediction of 

the weather is not possible (Kumar 2008: 286). The viewer’s expression of belief may be 

similarly fuzzy, and the use of single values to represent her belief as a single value may fail 

to capture this aspect of narrative reasoning. Fourth, it is necessary to completely define the 

set of hypotheses before applying Bayes’ theorem, but this may not be possible for some 
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narratives. Viewers will not only revise the belief assigned to existing hypotheses in light of 

new information but may also need to frame new ones, and so the set of hypotheses may not 

be completely defined at any specific moment in time.  

Fifth, the Bayesian approach cannot distinguish disbelief (‘I do not believe H is true’) and the 

absence of belief (‘I have no reason to believe that H is true’). This is because Bayes’ theorem 

assumes that belief and disbelief are functionally opposite (see Figure 3) when this may not 

be true in practice. If the viewer does not believe that is H true, then it does not necessarily 

follow that she thinks ¬2 is true. Equally, if an agent believes that a hypothesis is unlikely 

but not certainly false (��2� = 0.3), then it cannot be inferred that she believes its negation 

to be more likely (i.e. ��¬2� = 0.7. She may in fact believe that both ��2� and ��¬2� are 

equally likely and, thereby, withhold some belief; or she may, in forming a belief about the 

likelihood of H, hold no belief about the likelihood of ¬2. The viewer’s withholding of belief 

results from her ignorance, but this is an aspect of reasoning that cannot be represented by 

the Bayesian method because it does not allow the viewer hold an opinion about H with 

committing the remainder of that belief to ¬2 (Salicone 2007: 34-35). Bayes’ Theorem thus 

confuses uncertainty and ignorance. 

4. The transferable belief model and credal reasoning 

Dempster-Shafer evidence theory (Shafer 1976, Liu & Yager 2008) is a generalisation of the 

Bayesian approach to representing and analysing the subjective beliefs of an agent. The 

transferable belief model proposed by Philippe Smets (Smets 1990a, 1990b; Smets & Kennes 

1994) is a development of evidence theory that makes some important conceptual 

distinctions that will prove useful in understanding the understanding of narrative films and 

other media. In this section I outline the basic concepts of this approach and I illustrate an 

application of the model in understanding narrative reasoning.7 

4.1 The transferable belief model 

 

The evidence says either one of them could have done it,  

but I think they were in it together. 

CSI Nick Stokes 

CSI: Crime Scene Investigation 6.18, ‘Unusual Suspect’ 

 

The transferable belief model (TBM) assumes a rational agent who forms and updates beliefs 

on the basis of the evidence available to guide her behaviour. The TBM distinguishes 

between reasoning at two levels: the credal level at which the agent forms, combines, and 

updates beliefs that are expressed as belief functions; and the pignistic level where those 

belief functions are transformed to a probability function for decision making. The TBM 

recognises that beliefs can be maintained outside a decision context, so that while every 

decision of an agent is based on the beliefs she holds, not every belief will lead to decision. As 

the viewer has no decision making role in the context of the narrative, I assume that the 

comprehension of cinematic narratives involves reasoning at the credal level only and that 

                                                                    
7 There are several interpretations of Dempster-Shafer evidence theory that may be 
employed in understanding narrative comprehension (e.g. the use of upper and lower 
probability models, hints theory) that are not discussed here. 
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there is no need to apply the pignistic transformation. At the credal level, the transferable 

belief model is not associated with an underlying probability model and therefore represents 

belief as belief. This method uses similar concepts to those discussed above (hypotheses, 

learning from data, updating belief, etc), but it represents them in the formalism of a series of 

summary functions described within a set-theoretic framework and not in the language of 

probability theory. 

Ω is the set of N exclusive hypotheses, Ω = eℎ1, … , ℎ/f, for a variable X in which an agent is 
interested. Ω is the frame of discernment; and has the power set 2Ω, including Ω, the proper 

subsets of Ω, and the empty set (∅).8 The elements of 2Ω are propositions that represent 

possible values of X. An element of 2Ω with non-zero belief is a focal element, and the 

cardinality of a focal element (| . |) is the number of atoms of Ω it contains. If the hypotheses 

are exhaustive then Ω is a closed world, and there are no solutions outside Ω (i.e. at least one 

of the propositions in 2Ω must be true). If the hypotheses are not exhaustive, then Ω is an 

open-world with possible solutions that exist outside those explicitly stated in the frame of 

discernment and Ø can be thought of as a set of unknown propositions (i.e. it might be that 

none of the propositions in 2Ω are true). 

The basic belief assignment (t� . �) is a set of scores defined on 2Ω that represent the 

subjective belief of an agent as a real number by the mapping t ∶ 2Ω → u0, 1v, and which sum 

to unity:  

 

 

D t��� = 1
w∈Ω

 . (4.1) 

 

The basic belief assignment of a proposition A is t���, and represents that part of agent’s 

belief committed to A only, but which might support a strict subset of A if justified by further 

information. For example, if A, ��, and ��� are subsets of Ω, and �� and ��� are subsets of A, 

then a belief mass assigned to A might support �� or ��� but does not specifically support 

either. If a new piece of evidence reveals that the truth is in �� then the mass assigned to A is 

transferred to �� and no mass is assigned to ���. It is this transfer of belief from which the 

model takes its name. The limited division of belief is the key principle behind evidence 

theory and is the fundamental difference between this method of representing and analysing 

beliefs and the probabilistic approach (Liu & Yager 2008: 3-4). Belief not committed to A is 

not automatically committed to ¬� as it is under Bayes’ theorem, but remains allocated as 

uncommitted belief to the tautology Ω: if the agent’s belief in A is 0.5 and there is no evidence 

to support ¬� we have limited support for A (t��� = 0.5), no support for ¬� (t�¬�� =
0.0), and the remainder of the agent’s belief is uncommitted (t�Ω� = 1 − t��� = 0.5). 

Evidence theory is, therefore, ignorance preserving.  

A range of functions that summarise the belief of an agent can be constructed from the basic 

belief assignments. The belief function of A quantifies the total justified specific support for a 

proposition. As belief committed to a proposition is logically committed to any proposition it 

implies, this function is defined as the sum of the belief masses assigned to the elements 2Ω 

of contained within A and the basic belief mass assigned to A: 

 

                                                                    
8 By definition, this is a σ-algebra. 
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 ������ = D t�"�
z⊆w|∅

 , (4.2) 

 

for all � ⊆ Ω. The plausibility function of a proposition is the maximum amount of belief that 

may be assigned to support it. It is calculated as the sum of the belief masses in propositions 

that are compatible with A, or as 1 minus the total amount of belief assigned to the negation 

of A: 

 

 }���� = D t�"�
w∩z|∅

= 1 − ����¬�� . (4.3) 

 

The belief represented by }���� is only potential belief, as belief may subsequently be 

assigned to propositions that are not compatible with A. The ambiguity function of a 

proposition is the difference between its plausibility and its belief functions, and represents 

the amount of belief that could be assigned to A in the absence of a contradiction (Srivastava 

1997, Srivastava & Mock 2002): 

 

 �t��� = }���� − ������. (4.4) 
 

Although not widely discussed in the context of the transferable belief model, the concept of 

ambiguity is useful in representing the beliefs held by a viewer about a narrative. Narratives 

typically maximise belief and minimise ambiguity – they arrive at a definite and 

unambiguous conclusion in which the lovers are united, the criminal is caught, the evil 

mastermind is destroyed, etc.  However, there are some circumstances in a narrative may 

result in a non-zero ambiguity function and a belief function that is not equal to unity. This 

may be due to the fact that the narrative leaves some questions unanswered: the meaning of 

‘Rosebud’ in Citizen Kane remains ambiguous at the end of the film. A non-zero ambiguity 

function may also indicate that a viewer has not maximised their belief in a hypothesis 

because the saliency of narrative information was not recognised or that the evidence was 

not regarded sufficient to justify narrative causality. 

The three functions defined above describe the viewer’s state of knowledge at time k, but we 

need to be able to understand the updating of belief dynamically. This may be achieved by 

employing Dempster’s rule of combination: 

 

 t1,A��� = ut1 ⊕ tAv��� = ∑ t1�"�tA���z∩�0w
1 − ∑ t1�"�tA���z∩�0∅

 , (4.5) 

 

where ⊕ is the orthogonal sum of the pieces of evidence t1 and tA in support of A. The 

denominator in 4.5 is the renormalizing factor for the closed-world scenario in which 

t�∅� = 0. If Ω is an open-world (i.e. there are solutions that exist outside Ω) then the 

combined mass is unnormalised and t�∅� can have positive mass. Other methods of 

updating belief may be employed (see Smets 1991), but are not discussed here. As before, 
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the viewer’s changing belief, plausibility, and ambiguity functions can be represented 

graphically, with evidence/time on the �-axis. 

4.2. Example 2: a three-pipe problem 

 

I thought the key to being a lucid crime scene investigator was to reserve  

judgment until the evidence vindicates or eliminates assumption 

 CSI Holly Gribbs,  

CSI: Crime Scene Investigation 1.1, ‘Pilot’ 

 

To illustrate the use of belief functions in modelling narrative comprehension I use episode 

CSI: Crime Scene Investigation 5.11, ‘Who Shot Sherlock?’ In this narrative, CSIs Gil Grissom, 

Greg Sanders, and Sara Sidle investigate the death of Dennis Kingsley, a Sherlock Holmes 

aficionado, who is found dead in circumstances that would tax the ingenuity of the great man 

himself. The variable of interest (X) for this narrative is the identity of the killer(s). ���)+�-., 

}�)+�-., and �t)+�-. are the belief, plausibility, and ambiguity functions for the jth 

proposition after the ith piece of evidence (6)).  

Dennis is found dead in his study with a gunshot wound to the head (61) and Sanders 

wonders if the victim has committed suicide, but Dennis lived alone (6A) and there is no sign 

of the gun (6L). The viewer might assign some belief to the hypothesis that Dennis 

committed suicide, only to then immediately contradict it but this seems unlikely given all 

this information is presented in single scene. It is reasonable to assume that the viewer takes 

these pieces of evidence as a whole rather than as two competing sets of information that 

would induce contradictory beliefs – suicide is thus raised as a possible solution, but does 

not yet lead the viewer to assign any belief to this proposition. Physical evidence collected at 

the scene includes a round from Colt .45 revolver (6M), a syringe (6F), a mother of pearl chip 

with some red dust on it (6N), a blood-stained copy of ‘The Hound of the Baskervilles’ (6�), 

and some tobacco ash (6I). There is also evidence indicates that someone has broken into 

Dennis’s home (6�), and so the CSIs’ minds turn to murder. 

Some potential suspects become immediately apparent when the CSIs confront three people 

dressed as characters from nineteenth century London – Josh, who does not smoke; and Kay 

and Nelson, who both have pipes (61E). Together they formed a Sherlock Holmes 

appreciation society (611) that met regularly at Dennis’s house (61A); but this was to be their 

last meeting after Dennis announced he was leaving the group (61L). The frame of 

discernment for this narrative is Ω = e��4ℎ, ���, ���4�	, 4����
�f, and the propositions that 

comprise 2Ω are presented in Table 2. As the set of possible values of X has been limited at 

the beginning of the narrative, we will assume that Ω is a closed-world. Clearly some of these 

propositions are impossible – the solution to this narrative is not going to reveal that Dennis 

was killed by Josh and committed suicide. Consequently, belief masses will only be assigned 

to some of these propositions. Note also that the order in which the elements of a 

proposition are listed is irrelevant.  
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Table 2 The power set defined for the frame Ω = e��4ℎ, ���, ���4�	, 4����
�f for a narrative in 

CSI: Crime Scene Investigation 5.11, ‘Who Shot Sherlock?’ 

 Elements   Elements 

Ø Empty set  �� Kay, Nelson 

�[ Josh  �� Kay, suicide 

�\ Kay  �[Z Nelson, suicide 

�] Nelson  �[[ Josh, Kay, Nelson 

�^ suicide  �[\ Josh, Kay, suicide 

�_ Josh, Kay  �[] Josh, Nelson, suicide 

�` Josh, Nelson  �[^ Kay, Nelson, suicide 

�� Josh, suicide  Ω Josh, Kay, Nelson, suicide 

 

Further evidence is presented: the autopsy confirms that the gunshot wound was the cause 

of death (61M), and reveals that Dennis had high levels of cocaine in his urine and track marks 

indicating a long-term drug problem (61F). A large dose of pharmaceutical grade morphine is 

also found in the victim’s system (61N) and in the syringe from the crime scene (61�). 

Gunshot residue was found on the victim’s hand (61I), but the level of morphine indicates 

that he would have incapacitated and could not have fired the fatal shot. So far the viewer 

has been presented with a lot of information but has not yet been able to interpret this 

information in context, and is, therefore, unable to express any measure of belief with regard 

to X. The fact that tobacco ash has been recovered from the crime scene means nothing until 

the viewer is able to interpret the significance of this evidence and how it bears upon the set 

of suspects. Before any evidence is evaluated with respect to X the viewer has no reason to 

assign any belief to the proper subsets of Ω, and so all the belief is assigned to the frame of 

discernment itself. This is the vacuous belief function, and represents the complete ignorance 

of the viewer with regard to the identity of Dennis’s murderer. It is also important to 

recognise that some evidence will play a key role in allowing the viewer to interpret other 

pieces of evidence but will not induce a belief assignment. 

The first piece of evidence that relates to the possible suspects to be introduced is that the 

tobacco ash recovered from the crime scene is not a match to that of the victim �61��; and 

must, therefore, have come from the killer. As we have know that two of the suspect (Kay 

and Nelson) have pipes we can take this as evidence that the true value of X lies in �I, but 

that we do not have any reason to prefer one of the elements of this proposition over the 

other. Suppose the viewer finds this evidence suspicious but not compelling – we know that 

both Kay and Nelson have been to Dennis’s house before – and leads her to assign a low level 

of belief to the proposition that the truth is in �I: t1���I� = 0.2. The uncommitted belief 

remains assigned to Ω as a tautology: t1��Ω� = 0.8. The viewer is anticipating more 

evidence will be presented and will suspend her belief until justified by subsequent 

information. As this is the first piece of evidence encountered by the viewer the belief 

function of the proposition �I at this time is simply equal to the mass assigned to the first 

piece of evidence that supports it (���1���I� = 0.2). As the viewer has no evidence to 

support any of the other potential values of X, no mass assigned to the other propositions at 

this time and their belief functions are zero. The belief function for the frame of discernment 

is ���1��Ω� = t1���I� + t1��Ω� = 0.2 + 0.8 = 1.0. Once the belief functions have been 

calculated, the plausibility and ambiguity functions may be determined. The plausibility of �I 

after the first piece of evidence is the difference between ���1��Ω� and the complement of �I 

(i.e. the sum of the belief assigned to propositions other than �I). Therefore, the plausibility 
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that Kay and Nelson are the killer(s) is }�1���I� = ���1��Ω� − ���1��¬�I� = 1.0 − 0.0 = 1.0, 

and the ambiguity function is �t1���I� = }�1��AI� − ���1���I� = 1.0 − 0.2 = 0.8. After this 

piece of evidence, the viewer’s belief that the killer(s)’s identity is in has increased by a small 

amount and the level of ambiguity for this proposition reduced.  

The second piece of evidence to induce a belief is the fact that Nelson has the victim’s blood 

on his shoes �6AE�. As this evidence is supposed reliable, the viewer is prepared to assign a 

basic belief mass to this evidence, so that tAE��L� = 0.3 and tAE�Ω� = 0.7. The mass 

assigned to this evidence must be combined with that assigned to 61� by the viewer in order 

to update her belief that Nelson is the killer. This process of combining evidence can be 

represented by arranging the masses assigned to the evidence in a grid to make explicit the 

two stages in the calculation of the orthogonal sum (see Schum 2001: 240). In Figure 4, the 

masses for the focal elements relating to 61� are arranged on the horizontal axis, while the 

masses for the focal elements relating to 6AE are arranged on the vertical axis, and are 

multiplied where the focal elements intersect – that is, where focal elements with elements 

of 2Ω in common meet. Two of the intersections in Figure 4 result in �L, and the belief 

function for this proposition is the sum of the product of the masses at each intersection: 

���AE��L� = 0.06 + 0.24 = 0.3. One intersection results in �I, so that ���AE��I� = 0.06 +
0.24 + 0.14 = 0.44. The remaining intersection is the updated mass of Ω and represents the 

unassigned belief of the viewer. The belief function of the frame of discernment is the sum of 

all the intersections: ���AE�Ω� = 0.06 + 0.24 + 0.14 + 0.56 = 1.00. Once the belief functions 

have been updated, the plausibility and ambiguity functions can also be recalculated to take 

this new information into account. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

FIGURE 4 The orthogonal sum of conjunctive belief masses assigned by a viewer for 61� and 6AE 

for a narrative in episode 5.11 of CSI: Crime Scene Investigation, ‘Who Shot Sherlock?’ 
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Next, the viewer learns that the tobacco ash is a match to Nelson’s brand (6A1), and must 

therefore transfer the remaining belief in �I to Nelson alone and add this to the belief 

already assigned to �L. In light of this evidence, tA1��L� = tAE��L� + tAE��I� = 0.30 +
0.14 = 0.44; and therefore ���A1��L� = 0.44, }�A1��L� = 1.0, and �tA1��L� = 0.56.  

So far, the viewer’s belief in Nelson’s guilt has increased and the ambiguity of the narrative 

has been diminished; while the plausibility of the other propositions has decreased. 

However, it is revealed that the blood evidence is inconsistent: the blood found on Nelson’s 

shoes is both old and recent and cannot result from Dennis’s gunshot wound (6AA). 

Therefore, Nelson is being framed for the murder and all the belief masses assigned to 

propositions that contain ‘Nelson’ must now be discarded. This leaves the possibilities that 

Dennis committed suicide in such a way as to frame Nelson and that either Kay, Josh, or both 

killed Dennis and tried to frame Nelson. The viewer thus assigns all the belief in this evidence 

to the proposition containing these elements: tAA��1A� = 1. There is a conflict between the 

evidence the viewer has so far accumulated and this new information, and so it is necessary 

to include the renormalisation of belief masses in the process of updating belief. In Figure 5, 

we see that the intersection Ω and �1A leads to a mass of 0.56 being transferred from the 

frame to this subset, and that the intersection of between �L and �1A results in dissonance 

with a mass of 0.44. The mass assigned to �1A is thus calculated as 
E.FN

1�E.MM = E.FN
E.FN = 1.0; and the 

mass assigned to �L is 
E.E

1�E.MM = E.E
E.FN = 0.0. Therefore, ���AA��1A� = 1.0 and ���AA��L� = 0.0. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

FIGURE 5 The orthogonal sum of contradictory belief masses assignments for 6A1 and 6AA for a 

narrative in episode 5.11 of CSI: Crime Scene Investigation, ‘Who Shot Sherlock?’  
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The next suspect to come under scrutiny is Josh, whose blood is identified on Dennis’s copy 

of ‘The Hound of the Baskervilles’ (6AL). Josh explains this is the result of a paper-cut 

sustained in a struggle with Dennis, who had reneged on their deal for the purchase of this 

volume (6AM). According to Josh, Dennis was selling his Sherlock Holmes memorabilia via an 

auction (6AF), including his Colt .45 revolver with a mother of pearl handle (6AN). This is 

weak evidence that Josh is the killer; and so the viewer assigns only a small amount of belief 

to this proposition (tAL��A� = 0.1), and updates her belief accordingly (see Table 3). This 

line of inquiry is soon forgotten when Sanders matches the red dust on the mother-of-pearl 

chip he collected at the crime scene to the clay bricks of Dennis’s fireplace (6A�). Examining 

the fireplace he discovers the missing revolver in the chimney attached to some surgical 

tubing (6AI), so that once Dennis had pulled the trigger and let go of the gun it would be 

pulled into the chimney to create the impression it was missing for the crime scene. This 

would suggest that Dennis has created an elaborate puzzle in homage to Sir Arthur Conan-

Doyle, and Sanders concludes that he committed suicide. Complex, mysterious, certainly 

improbable, but nonetheless a reasonable explanation within the context of the show, and 

the viewer assigns all the belief to this evidence to the proposition that Dennis committed 

suicide, so that ���AI��M� = 1.0 after updating. 

It would appear that we have arrived at a solution for X. However, Grissom remains puzzled 

by the fact that a long-term cocaine user would have morphine in his syringe and argues that 

the case is not closed until all the evidence can be put into its proper context. The viewer is 

able to recover discarded propositions by disjunction introduction and is now faced with the 

possibilities that Dennis either did or did not commit suicide, where ‘not-suicide’ is logically 

equivalent to the proposition (�F) that Josh and Kay are the killer(s). The viewer is therefore 

left with the exclusive disjunction �M ⊻ �F; and as the victim’s fingerprints are not found on 

the syringe (6A�), the CSIs conclude that Dennis did not commit suicide (¬�M). By disjunctive 

syllogism, this entails �F, the belief assignment tA���F� = 1.0, and the function ���A���F� =
1.0. Ultimately, it is revealed that Kay is the killer – the tobacco leaf found in the surgical 

tubing is matched to her brand (6LE), she has access to morphine and surgical tubing from 

caring for her terminally ill mother (6L1); and she confesses to the murder (6LA), to framing 

Nelson (6LL), and to staging the suicide (6LM), all of which were motivated by her anger at 

Dennis’s decision to break up the group (6LF). The viewer’s belief is therefore transferred to 

�A as a subset of �F, and ���LA��A� = 1.0, }�LA��A� = 1.0, and �tLA��A� = 0.0. The narrative 

thus concludes by maximising the viewer’s belief in and minimising the ambiguity of the 

proposition that Kay is the killer. 

This narrative is a good example of nonmonotonic reasoning in action: the viewer is 

confronted with a range of possible solutions and must reason to the best hypothesis by 

assessing and reassessing the strength of her belief regarding the true identity of the killer as 

evidence becomes available over the course of the narrative. The belief and plausibility 

functions of the viewer for this narrative are presented in Table 3; and the changes in the 

belief functions are represented in Figure 6. For simplicity, this information is presented for 

those propositions that are focal elements at some stage of this narrative only. The ambiguity 

functions can be calculated from the data in Table 3, and it is interesting to note that the 

narrative reduces the ambiguity to zero (when Sanders concludes that Dennis committed 

suicide) only to reintroduce some ambiguity later on (when Grissom questions this result).  
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Table 3 The belief and plausibility functions of a viewer for the propositions that are the focal 

elements of a narrative in CSI: Crime Scene Investigation 5.11, ‘Who Shot Sherlock?’ 

 PZ P[� P\Z P\[ P\\ P\] P\� P\� P]\ 

Ø 
���)  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

}�) 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

�[ 
���)  0.00 0.00 0.00 0.00 0.00 0.10 0.00 0.00 0.00 

}�) 1.00 0.00 0.00 0.00 0.00 1.00 0.00 0.00 0.00 

�\ 
���)  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.00 

}�) 1.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.00 

�] 
���)  0.00 0.00 0.30 0.44 0.00 0.00 0.00 0.00 0.00 

}�) 1.00 0.00 1.00 1.00 0.00 0.00 0.00 0.00 0.00 

�^ 
���)  0.00 0.00 0.00 0.00 0.00 0.00 1.00 0.00 0.00 

}�) 1.00 0.00 0.00 0.00 0.00 0.00 1.00 0.00 0.00 

�_ 
���)  0.00 0.00 0.00 0.00 0.00 0.10 0.00 1.00 1.00 

}�) 1.00 0.00 0.00 0.00 0.00 1.00 0.00 1.00 1.00 

�� 
���)  0.00 0.20 0.44 0.44 0.00 0.00 0.00 0.00 1.00 

}�) 1.00 1.00 1.00 1.00 0.00 0.00 0.00 0.00 1.00 

�[\ 
���)  0.00 0.00 0.00 0.00 1.00 1.00 1.00 1.00 1.00 

}�) 1.00 0.00 0.00 0.00 1.00 1.00 1.00 1.00 1.00 

Ω 
���)  1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 

}�) 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 

 

 

 

Figure 6 The viewer’s updated belief functions for those propositions that are the focal elements 

of a narrative in CSI: Crime Scene Investigation 5.11, ‘Who Shot Sherlock?’ in chronological order. 
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4.3 An evaluation of the transferable belief model 

The transferable belief model has several advantages over the Bayesian approach to 

narrative inference. First, the model represents belief as belief and not as a probability, 

thereby removing this terminological confusion. Second, unlike Bayesian probabilities where 

0 and 1 represent opposing forms of certainty, t��� = 0 represents the absence of belief 

and t��� = 1 represents the total commitment of belief of an agent to A. The transferable 

belief model makes a clear distinction between lack of belief (‘I have no reason to believe A is 

true’) where t��� = 0, and disbelief (‘I do not believe A is true’) where belief is assigned to 

propositions other than A. This is an important advantage over the Bayesian approach and 

better reflects the behaviour of real agents by preserving ignorance and requiring the 

assignment of belief only to those propositions upon which viewer believes the evidence 

bears. Third, where the Bayesian method represents belief via a single number the TBM 

approach is better equipped to deal with the imprecision by defining a number of functions 

based on the viewer’s assignment of belief masses by differentiating between the viewer’s 

justified belief (������), her maximum potential belief (}����), and the distance between the 

two (�t���).  

When belief masses are assigned to singletons only (i.e. propositions for which |�| = 1), the 

belief functions approach reduces to Bayesian probability theory, and it may be simpler to 

use the Bayes’ Theorem if this is the case. However, the complexity of the narrative may not 

be adequately captured by probability theory, and in such situations the TBM method has 

two important features.  In the TBM, the set of hypotheses does not need to be completely 

specified prior to the assignment of the belief masses. This is useful because many narratives 

will not conveniently present us with a closed frame of discernment at the start, but will 

proceed by introducing potential solutions at different stages. Consequently, the viewer will 

not necessarily be aware of the possible hypotheses for a variable and will have to consider 

the possibility of some unknown propositions. By allowing for the assignment of positive 

mass to Ø the open-world assumption enables contradictory evidence to be dealt with by 

admitting just such a possibility. Furthermore, although the hypotheses that comprise the 

frame of discernment are exclusive belief is assigned to the propositions that comprise 2Ω 

and can therefore be assigned to non-singleton subsets of Ω. For example, in the narrative 

discussed above the belief mass assigned to the evidence of the tobacco ash (t1� = 0.2) 

induced a belief that the solution for X was in �I but did not further specify if that evidence 

could be then assigned to either of its subsets (�A or �L). In contrast, probability theory 

requires the distribution of belief masses to singletons in accordance with the principle of 

insufficient reason even though there is no evidence that can be directly linked to any 

propositions that are subsets of A. Thus the belief mass for 61� would be distributed equally 

to subsets of �I so that ���A� = ���L� = E.A
A = 0.1, even though there is no justification for 

doing so. The TBM provides a better representation of the justified behaviour of the viewer 

than the Bayesian approach in this case. 

The major drawback in adopting a set-theoretic approach is that, because the basic belief 

assignments are mapped over the propositions that comprise the power set of Ω, it can 

become over-complicated even when Ω contains a relatively small number of hypotheses. 

This is due to the fact that the number of propositions in 2Ω grows at an exponential rate as 

Ω increases in size. In most cases this will not be of practical significance: narratives typically 

focus on a small group of characters, and so the size of Ω will be restricted to a manageable 

level. However, on those occasions when an agent is faced with a large number of possible 

solutions the task of representing that belief numerically becomes impractical: for example, 

Murder on the Orient Express (Christie 1934) presents us with 12 suspects for a murder and, 
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therefore, the power set contains 21A or 4096 propositions to which the belief masses of an 

agent may be assigned. However, the author solves the dilemma of too many suspects in this 

narrative by having Poirot reduce the murder on the Orient Express to a binary problem in 

which either an unknown assailant boarded the train and escaped unnoticed or all the 

possible suspects are guilty. The transferable belief model can be employed in these 

circumstances without difficulty assuming that Ω contains only these two hypotheses and 21 

propositions. The example of Murder on the Orient Express indicates that it is necessary to 

pay close attention to the ways in which a narrative organises the inferential processes of the 

agent and to investigate when, in the course of a narrative, a frame becomes operative. 

5. Representing narrative inference: Wigmore charts 

 

You can be wrong, I can be wrong; the evidence is just the evidence. 

 CSI Gil Grissom,  

CSI: Crime Scene Investigation 4.23, ‘Bloodlines’ 

 

There are many real world situations that can be represented graphically by means of a set 

of vertices linked by a set of arcs, and thereby reduce the intellectual burden of making sense 

of a complex mass of information. One such graph was proposed by Wigmore (1913) for the 

representation of reasoning from evidence to conclusions in legal cases (see Goodwin 2000, 

Schum 2001: 161-169), and this method can be adapted to represent inference in narrative 

comprehension. For Wigmore, the ultimate goal of the chart method was to ‘show us explicitly 

in a single compass how we do reason and believe for those individual facts and from them to 

the final fact’ (quoted in Goodwin 2000: 230, original emphasis). Wigmore charts are 

intended to represent both the psychological and the logical process of inference describing 

both the ‘natural processes of the mind in dealing with the evidential facts’ and ‘correct’ 

inferences (quoted in Goodwin 2000: 229). However, Wigmore did not make any normative 

claims for his charts and recognised that they are a reflection of the beliefs of the agent 

constructing the argument. In applying Wigmore charts to the viewer confronted with a 

narrative in the cinema, we are primarily concerned with the psychological component – we 

want to know how the viewer reasons and why she does so in a particular manner; and in 

producing charts to represent the reasoning of different viewers, we have a direct visual 

method of comparing how different viewers organise their understanding of narratives. 

Wigmore’s evidence chart is a directed acyclic graph (DAG), in which the set of vertices 

represent items of evidence and hypotheses considered relevant by the viewer, and the set of 

arcs represent inferential links between these elements. The graph is directed because the 

arcs are ordered pairs of vertices that indicate the ‘flow of knowledge;’ and it is acyclic 

because it does not contain a directed cycle (Bondy & Murty 2008: 31-34, 42-43). The 

direction of inference is bottom-up, with a hypothesis supported by one or more items of 

evidence and that in turn may provide support for further a further hypothesis.9 Narrative 

comprehension can therefore be thought of as hierarchical rather than linear, and must be 

distinguished from the fabula constructed by the viewer as a cause-and-effect sequence of 

                                                                    
9 Wigmore refers to matters-to-be-proved in a legal case as ‘probanda,’ but I will use the term 
‘hypotheses’ here to reflect the fact that they exist in a narrative context. 
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events. The Wigmore chart describes how the viewer reasons from evidence to conclusion, 

but it does not tell us why the viewer selected those pieces of evidence as important. To 

overcome this limitation, this method of representing evidential reasoning can be used with 

Bordwell’s cognitive model of critical interpretation (1989: 201-204), which places it 

emphasis on the top-down selection of salient evidence according to the schemata employed 

by the critic, and which can be generalised to the reasoning of any viewer. 

To illustrate the use of Wigmore charts in representing narrative inference, I use the 

narrative from CSI: Crime Scene Investigation discussed in section 4.2 to construct a simple 

chart that links evidence to hypotheses at a range of inferential levels. Three different types 

of hypothesis are used: the objective of the viewer is to arrive at a coherent and plausible 

summary of the narrative and this is expressed as the ultimate hypothesis; penultimate 

hypotheses, that organise into information into statements about narrative events; and 

interim hypotheses, under which related pieces of evidence are grouped. Hypotheses that 

impact on the evidential force of a piece of information but which are not directly relevant to 

the flow of knowledge are ancillary, but none are employed in this example. The ultimate 

hypothesis (U) is a description of the crime:  

Dennis was murdered by Kay because she was angry he was breaking up the 

Sherlock Holmes club, and attempted to cover up the crime by both framing 

Nelson and staging a suicide.  

There are four penultimate hypotheses upon which U is built: 

• �1: Kay (and Josh) was angry at Dennis’s decision to break up the Sherlock  

Holmes club. 

• �A : Kay murdered Dennis by shooting him with a Colt .45 revolver having injected 

him with a fatal dose of morphine. 

• �L : Kay attempted to frame Nelson for the murder. 

• �M : Kay staged Dennis’s death as a suicide. 

The uppermost part of the Wigmore chart for this narrative is displayed in Figure 7. 

Figure 7 The relationship between the ultimate hypothesis (U) and the penultimate hypotheses 

(Pi) for a narrative in CSI: Crime Scene Investigation 5.11, ‘Who Shot Sherlock?’ 

The first penultimate hypothesis (�1) can be broken down into four interim hypotheses: �1 – 

Dennis, Josh, Kay, and Nelson were members of a Sherlock Holmes club; �A – Dennis had 

decided to break up the club; �L – Josh argued with Dennis over this decision; and, �M – Kay 

was angry at Dennis’s decision. The relationship between �1, its interim hypotheses, and the 

evidence that bears upon them is presented in Figure 8.  

U 

  P₂ P₁   P₃   P₄ 
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Figure 8 The relationship between the P1, the interim hypotheses I1, I2, I3, and I4, and their related 

items of evidence (Ei) for a narrative in CSI: Crime Scene Investigation 5.11, ‘Who Shot Sherlock?’ 

The second penultimate hypothesis (�A) is that Kay murdered Dennis by shooting him with a 

Colt .45 revolver having injected him with a fatal dose of morphine. This hypothesis can be 

parsed into three interim hypotheses based on the relevant pieces of evidence (Figure 9): �F 

– Dennis was killed by a gunshot wound to the head; �N – Kay injected Dennis with a fatal 

dose of morphine; �� – Kay confessed to killing Dennis.  

Figure 9 The relationship between the P2, the interim hypotheses I5, I6, and I7, and their related 

items of evidence (Ei) for a narrative in CSI: Crime Scene Investigation 5.11, ‘Who Shot Sherlock?’ 

�L (Figure 10) states that Kay framed Nelson for the murder, is based on evidence leading to 

the  hypotheses that Nelson appeared to have murdered Dennis (�I), that Nelson was framed 

(��), and that it was Kay who framed him (�1E) (Figure 10). Note that the evidence for the 

interim hypotheses �� and �1E contradict the evidence for I8, and this is an example of the 

nonmonotonicity we see in the belief function for the proposition that Nelson killed Dennis 

(�L) in Figure 6. The strength of 6AA is manifest in that it not only overturns the evidence that 

it directly contradicts (6A1), but also overturns all the evidence that supported �L, and this 

reflects the belief assigned by the hypothetical viewer in section 4.2. 
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Figure 10 The relationship between the P3, the interim hypotheses I8, I9, and I10, and their related 

items of evidence (Ei) for a narrative in CSI: Crime Scene Investigation 5.11, ‘Who Shot Sherlock?’ 

�M (Figure 11) is the hypothesis that Kay staged Dennis’s death as a suicide, and is built upon 

the interim hypotheses that Dennis’s death appeared to be a suicide (�11), that the suicide 

was staged �1A, and that Kay staged the suicide (�1L). Note that 61E occurs in Figures 10 and 

11 because it relates to both Nelson and Kay. 

 

Figure 11 The relationship between the P4, the interim hypotheses I11, I12, and I13, and their 

related items of evidence (Ei) for a narrative in CSI: Crime Scene Investigation 5.11, ‘Who Shot 

Sherlock?’ 

7. Conclusion 

The comprehension of a narrative is a cognitive process, and involves making plausible 

inferences about the state of the world of a text based on incomplete and changing 

information, and which may be overturned by new information. The reasoning of an agent is, 

therefore, nonmonotonic, and can be represented formally using mathematical and graphical 

models. Bayes’ Theorem, the transferable belief model, and Wigmore charts provide simple 

but powerful mechanisms for describing the psychological processes of the viewer that 

capture the complexity of narrative reasoning. The use of such models can help to us to 

better understand the cognitive processes involved in reasoning in narrative cinema, in 

discovering and establishing normative rules of behaviour through the empirical analysis of 

real viewer, and will therefore allow us go beyond the theoretical description of ideal 

viewers to develop a theory of film spectatorship that to has a solid empirical grounding.  
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