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1. Introduction

Crime investigation is a difficult and laborious process, and the costs of mistakes can be high. Espe-
cially in large crime investigations, investigators are faced with a mass of unstructured evidence of
which they have to make sense. They have to map out the possible hypotheses about what happened
and assess the potential relevance of the available evidence to each of these hypotheses. Because of
the difficulty of this task and the high costs of mistakes, it is worth investigating how crime investi-
gators could benefit from support tools. It has been suggested that software could offer such tools by
supporting crime investigators in expressing their reasoning about a case in terms of arguments on
the relevance of evidence to the various hypotheses using common knowSaigen(and Tillers

1991). With such a programme, the user could visualize his reasoning in various ways (graphs,
tables, forms) and explore its consequences. Thus, the programme would support investigators in
seeing patterns, discovering new relationships or inconsistencies and identifying missing evidence.
Such software would also facilitate transfer of the case files to others by increasing the transparency
of the files, so that subsequent investigators, prosecutors and fact finders could gain a quicker and
better understanding of the case.

In the current practice of crime investigation and similar fact-finding processes, software for
managing and visualizing evidence is already being used. Well-known examplesadyst's Note-
book (2009 andHOLMES 2(2008. In the Netherlands, the BRAINS system has been experimen-
tally used in crime investigation with some succesm(der Schoqr2004). However, a limitation of
such software is that it does not allow for expressing the reasons why certain pieces of evidence sup-
port or attack a certain hypothesis. Thus, the ‘core business’ of structuring evidence and assessing
the relation between hypotheses and evidence is still, in fact, wholly dependent on human reasoning,
and the structures resulting from such reasoning cannot be recorded and analysed by the software.

This article reports on an ongoing research project on software that could add these so-called
‘sense-making’ capabilities to current evidence management software. The aim of this project is to
develop proof-of-concept software in which a human crime investigator can visualize possible sto-
ries about what happened and can link these stories through arguments with available supporting or
attacking evidence. We anticipate that to make such software useful in practice, it should be com-
bined with systems like HOLMES 2, Analyst’s Notebook and BRAINS, so that the visualizations
are linked with the documents containing the available evidence and thus make these documents
more manageable. To this end, our software already supports links between components of the vi-
sualizations and pieces of text within source documents. However, a full integration with current
professional document management software is outside the scope of this project.

In this article, we focus on one aspect of our project, namely, the design of the reasoning model
underlying our system. We will investigate this aspect from both a theoretical and a software per-
spective, and we will especially focus on the role of causal information in reasoning about evidence.
It has been argued that the only viable manner in which police investigators can structure the infor-
mation that they gather is through constructing stories about what might have happeotat él.,

2004). The stories should explain the available evidence by explaining what might have caused the
evidence to be available. The same has been argued for triers of fact and others involved in crim-
inal proceedingsWagenaaet al, 1993. However, others have advocated a method of building
arguments from the available evidence to the hypotheses by applying commonsense generalizations
(Anderson and Twining1991;, Schum and Tillers1997). In this method, causal statements (for
instance, the shooting has caused the appearance of gun powder) are often inverted to evidential
statements (gun powder indicates that a shooting took place). In this paper, we want to investigate
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to which extent these two reasoning models (stories and arguments) can be used for our purposes.
Very briefly, we will claim that there are reasons to combine storytelling in the form of abductive
inference to the best explanation (IBE) with defeasible argumentation for linking the stories to the
available evidence. After having outlined a formal model that combines both forms of reasoning, we
will then describe our current design of software that visualizes reasoning based on this combined
model.

2. Current theoretical approaches

In this section, we sketch the main current theoretical approaches to modelling legal reasoning about
evidence. To be usable in practice, our software design should be based on concepts that are actu-
ally used in such reasoning, while to improve the quality of crime investigations, the design should
be based on a rationally founded theory of these concepts. Methods founded on probability theory
(such as probabilistic networks) satisfy the second criterion but arguably not the first since in the
vast majority of legal cases, reliable statistics are not available, while human experts are often un-
able or reluctant to provide quantitative estimates. This project therefore takes its starting point in
three important concepts of current legal evidence theory, viz. arguments, generalizations and sto-
ries (also called ‘narratives’). Two legal theoretical approaches that take these notions seriously are
new evidence theory (NET) and anchored narratives theory (ANT). In artificial intelligence (Al),
mainly models of abduction and IBE have been applied and sometimes also logics for default-style
non-monotonic reasoning.

2.1 NET and ANT

The importance of the concepts of arguments, stories and generalizations has been emphasized in
two recent research strands in legal theory, ‘NET’ (Agderson and Twining1991, Schum and
Tillers, 1997 and ‘ANT’ (Wagenaaet al,, 1993. Both approaches stress the importance of empirical
generalizations in reasoning about evidence but they differ on their precise role. While NET regards
generalizations as the ‘glue’ in evidential arguments from evidence to hypotheses, ANT regards
them as the ‘anchors’ of evidential stories in the available evidence.

NET takes its inspiration inWigmore’s (1931) charting method, in which alternative argu-
ments from evidence to hypotheses can be graphically displayed. Schum and Tillers take Wigmore’s
method as the basis of their ideas on evidential visualization software. As obsenkRikken
(2004 andBex et al. (2003, Wigmore charts are similar to Al models of argumentatiBolock
1995 Loui, 1987 Vreeswijk 1997 Prakken and VreeswijkR002, and the notion of a generaliza-
tion (or anchor) is essentially the same as Al's notion of a def&ditér 1980. In consequence,
the logical aspects of NET are now well understood. However, the relation between arguments and
stories still needs to be clarified since, although NET acknowledges the importance of stories in
fact-finding and evidence analysis (see, &wining, 1999, it does not incorporate this in its use of
Wigmore charts.

ANT stresses that the only viable way in which crime investigation and judicial proof can proceed
is by constructing alternative stories about what happened in a case, by comparing their quality as
stories and by comparing how well they are ‘anchored’ in commonsense generalizations. A story can
be anchored in two waysThe first isinternal anchoring stories at least contain a sequence of events

1 This distinction is not explicit in ANT but is made Bexet al. (2006.
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on a time line and stories become stronger if the connections between the events it contains are not
just temporal but also causal (e.g. shooting a gun causes a sound) or intentional (a man possessing
a gun who is assaulted will shoot the attacker). The second type of anchoextgtisal anchoring
elements of a story can be anchored in the available evidence by sources of information, such as
observation, memory or testimony. This also involves commonsense generalizations. For instance, a
witness testimony supports a belief only by virtue of the common knowledge that witnesses usually
tell the truth. Clearly, the general knowledge involved in anchoring stories can have exceptions
and therefore anchors must be critically examined and refined when the facts indicate a possible
exception. For instance, if two witnesses know each other, they may have influenced each other’s
testimonies: to discard this possibility, a refined anchor may be needed, such as that if two witnesses
agree but did not confer, they usually tell the truth.

Although ANT is more explicit than NET about the role of stories in reasoning about evidence,
it does not give a detailed account of how stories can be connected to the available evidence. In the
present paper, we aim to provide such an account in terms of the notion of argumentation as used in
NET. This is motivated by the fact that, although the proponents in ANT focus on the story-based
perspective in their choice both of wording and of research background, several of their central
claims have a more argumentative than story-based flavouwvédfeij 2000 Bex et al, 2007).
Especially, the role of generalizations (or anchors), exceptions to these generalizations and the dy-
namics of developing and refining an analysis of the evidence in a case are characteristics for an
argumentative approach.

2.2 Causation in reasoning about evidence

Reasoning with causal information clearly is an important aspect of reasoning about evidence. Basi-
cally, it can take two forms. Using familiar Al terminology, prediction one observes or assumes

a certain event and tries to predict what will happen as a consequence of this event, wkikain

nation, one observes an event or state of affairs and tries to explain how it could have been caused
by other events. Both forms of reasoning are, of course, of prime importance in reasoning about ev-
idence, whether story or argument based. Often, an attempted proof that a certain crime took place
is constructed by saying that an observed fact (the evidence) holds since something else (the crime)
happened which caused it. Such an explanation can then be tested by predicting what else must have
been caused by the crime if it has taken place and by trying to find evidence concerning the pre-
dicted facts. In this paper, we will, as far as stories are concerned, only model explanation and leave
its combination with prediction for future occasions. As remarked above, the causation involved in
reasoning about evidence may be both physical (fire causes smoke) or mental (wanting to be rich
makes one steal). Clearly, reasoning with causal information is defeasible in several ways: causal
generalizations may have exceptions (striking a match will cause fire except if the match is wet) and
observed evidence may be explained by several alternatives (the grass is wet since it rained or since
the sprinkler was turned on).

2.3 Current approaches in Al

In Al, it is well-known that causal knowledge can be represented in two alternative ways, namely,
from cause to effect (fire causes smoke) and from effect to cause (smoke means fire) (Pearke.g.
1988 Poole 200]). Generally, a choice is made for one of these two representation methods. For
instance, the well-known MY CIN medical expert systedBu¢hanan and Shortliffd 984 expressed
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empirical associations between symptoms and diseases from effect to cause (if symptoms then dis-
ease), while later, model-based approaches to medical diagnosis such as CASbIESe( al.,
1978 represented the relevant knowledge from cause to effect (if disease then symptom). As for ter-
minology, in this paper we call cause-to-effect statemeatssal generalizationand effect-to-cause
statementgvidential generalizationdVith evidential generalizations, explanatory reasoning can be
modus-ponens style: if the antecedent (the symptom) is known, the consequent (the disease) can be
inferred. When thus alternative explanations can be derived, a choice should be made with some pri-
ority mechanism: MYCIN used certainty factors for this. With causal generalizations, prediction can
also be modus-ponens style but explanation must be abductive: given the consequent (the symptom),
the antecedent (the disease) is inferred since if true it would imply the symptom by modus ponens on
the causal generalization. Of course, in the same way alternative explanations may be found. If so,
then the best explanation must be determined either by trying to find evidence concerning predicted
facts or (if gathering further evidence is impossible) with some priority mechanism on abductively
inferred causes (such as a probability distribution, &daole 2001).

In Al, the most popular way to model explanatory reasoning is with causal generalizations and
abduction (see, e.dg.ucas 1997 Poole 2001 Josephson200]). Logics for defeasible argumen-
tation and other non-monotonic logics, which only model modus-ponens-style reasoning, are less
popular, presumably since they require the use of evidential generalizations, which arguably is cog-
nitively less naturalPear] 1988. Moreover, these logics abstract from the nature of the relation be-
tween antecedent and consequent of a generalization, which creates the danger of a careless mixing
of causal and evidential generalizatioRearl(1988 showed that this may give rise to counterin-
tuitive consequences. For instance, if we know that the smoke machine was on and that turning the
smoke machine on causes smoke, we should not go on to infer from ‘there is smoke’ and the evi-
dential generalization that smoke means fire that there is a fire. Pearl proposed his ‘c-e-constraints’
for default logics, which if respected, prevent such unwanted inferences. In this paper, we will al-
low for mixed reasoning with evidential and causal generalizations in a way that respects these
constraints.

3. Our approach

As observed in Sectiog, in Al usually one single approach to explanatory reasoning is taken.

In most approaches, all causal knowledge is represented from cause to effect and the reasoning is
abductive, and in some approaches all causal knowledge is represented from effect to cause and the
reasoning is modus-ponens style. However, we will argue that there are reasons to combine these
two approaches. We will propose a model in which stories about what happened are represented as
networks of causal generalizations, while the relation between the available evidence and the events
in the causal network is represented as evidential generalizations. The reasons for this approach are
as follows.

A reason not to represent all causal information from effect to cause has to do with the fact that
crime investigators very often draw time lines and causal-network-like structures. Since we want to
build software for supporting crime investigators, we want to support this habit. This explains why
for our purposes representing all causal information from effect to cause is less desirable.

However, there are also reasons not to represent all causal information from cause to effect. The
first has to do with the treatment of witness testimonies. In an abductive approach as taken in, e.g.
Poole(2001) and as further explained below in Sect®2, the relation between a withess testimony
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and its content must be represented as causal generalizations, in which the witness testimony is
regarded as caused by something else. One possible cause of a witness testimony is, of course, the
truth of the event to which the witness testifies. Schematically,

O1: p= wsaid ‘p.

(To be truly realistic, this generalization should have some auxiliary conditions like ‘the witness was
interrogated’ and so on, but for simplicity we will leave such conditions implicit.) However, there
may be other possible causes of the witness testimony. For instance,

g2: w hallucinated and thought he saw p= wsaid ‘p,
03: w has reason to lie about p= wsad ‘p.

As regardsys, one reason to lie aboyt could be that the witness wants to protect the offender,
another reason could be that by speaking the truth he would compromise himself (such as when
speaking the truth would reveal a visit to the red-light district) and so on.

However, this creates the following problem. In a causal theory with the above three gener-
alizations, the observation that said ‘p’ can be explained in three ways: it can be explained
in the ‘normal’ way by supposing that the withess speaks the truth, i.ep,byut it can also
be explained by supposing that hallucinated and thought he saw p and by supposing
that w has reason to lie about p. Therefore, in the approach applied here some measure
of strength is needed to discriminate between them, or if further investigation is possible, further
evidence should be gathered to discriminate between the two explanations. However, intuitively it
seems that in the absence of further evidence for these alternative explanations, they are not worth
considering. They are exceptions to the general default statement that withesses usually speak the
truth and they should therefore be assumed false as long as there is no evidence to the contrary.

Thagard(2005 speaks in this connection of a ‘dual pathway model’ of reasoning with testi-
monial evidence. He distinguishes a ‘default pathway’ in which people almost automatically accept
a testimony and a ‘reflective pathway’ in which people build a model of the relevant knowledge
and decide whether to believe the testimony by IBE. People shift from the default to the reflec-
tive pathway when the content of the testimony is inconsistent with their current beliefs or when
there is reason to doubt the credibility of the source. The problem with a ‘cause-to-effect’ approach
as described here is that it forces crime investigators to always take the reflective pathway since it
forces to consider all alternative explanations, even if they are not supported by any further evidence.
Clearly, this will in many cases induce unnecessary cognitive overload. More precisely, by leaving
the evidential generalization

Os: wsaid'p = p

out of the problem description, this approach fails to capture that witness testimonies are usually
true. Statements likg, express the empirical regularity that the usual cause of a testimony is the
truth of its content and that any other cause is an exceptional cause.

(It should be noted that our criticism directly applies only to the logical models of abduction as
described below. It may be argued that Thagard’s own connectionist model of IBE does not suffer
from this problem since his connections between statements have no direction.)

For these reasons, we propose a mixed approach: while the construction of stories to explain
the available evidence is modelled as abductive reasoning with networks of causal generalizations,
source-based reasoning about evidence is modelled as modus-ponens-style reasoning with evidential



SENSE-MAKING SOFTWARE FOR CRIME INVESTIGATION 151

generalizations. Since these two aspects will be clearly separated, our proposal will respect Pearl’s
above-mentioned c-e constraints. Sources of evidence include, of course, testimonies but also, for in-
stance, memory and perception. As for testimonies, a shift from the default to the reflective pathway
will in our approach be modelled as the construction of counterarguments based on exceptions to
the evidential generalization triggered by available evidence. The crucial difference with the above
purely abductive approach to reasoning with testimonies is that in our argumentation approach, such
counterarguments can only be constructed if there is evidence for a possible exceptional cause; in the
criticized approach, such an exceptional cause also counts as a possible explanation without further
evidence.

4. An example

Let us illustrate our approach with an example discussedrombaget al. (1994 pp. 460-463),
a relatively simple case about an alleged burglary. (We take our analysis of the exampkefkom
et al, 2006. The prosecution presents the following story:

On the 18th of November, Andrew King climbs over the fence of the backyard of the
Zomerdijk family with the intention to look if there is something interesting for him

in the family’s house. Through this yard he walks to the door that offers entry into the
bedroom of the 5-year-old son of the family. The door is not closed, so King opens it and
enters the bedroom to see if there is anything of interest in the house. Because it is dark,
King does not see the toy lying on the floor. King hits the toy, causing it to make a sound
which causes the dog to give tongue. King hears the dog and runs outside, closing the
door behind him. Mr. Zomerdijk hears the toy and the dog. He goes to the bedroom and
sees King running away through the closed garden door. He shouts ‘there is a burglar,
come and help me!" and runs into the garden after King. King, who wants to pretend he
is lost, does not run away. In spite of this, Zomerdijk jumps on King and, aided by his
brother, who is visiting the Zomerdijk family, molests King.

The prosecution’s story is depicted in Higtogether with the witness testimonies on which some of
the elements of the story are based.

The part of the figure within the large rounded box represents the causal network correspond-
ing to the prosecution’s story. The four small grey boxes outside the causal network are pieces of

( King has bad h
Intentions
T \
- \ w Ki Ki 1 1 Tsees wi
King King in ng ng g Toy W vel.gnes . runs
testimon * packyard |- — - —»{ opens |- » enters [~ »{ steps |- »| sound - » hears |- » to =» Kingin [—» after
y ¥ ,f door house on toy . toy bedroom backyard King
/ T
Others |/ n -
|t:s1ti;1:r?yl #| inliving K"'lg deg Door is wisw2
room OXIIS Ly ClOSES | rab Kin
A house door closed 9 9/
[
w1 w1-w2
testimony testimony

FIG. 1. The prosecution’s story in the King case.
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FIG. 2. The prosecution’s and defence’s stories in the King case.

testimonial evidence. With the evidential generalization ‘a witness usually speaks the truth’, they can
be used to build arguments to support nodes inside the causal network. In this case, the arguments
are very simple, directly supporting a node.

King has his own explanation for the fact that the toy made a sound; he claims that the wind may
have blown open the door, hit the toy (which caused it to make a sound) and then blown the door
shut again. This story predicts a loud bang as the consequence of the fact that the wind blew the door
shut again. However, the members of the Zomerdijk family reported that they heard no loud bang.

The two stories can be depicted together in Rigwhere part of the prosecution’s story is left
implicit for readability).

Besides new causal links within the large rounded box (capturing King's story), also a new
argument from witness testimonies is added on the right. This argument in fact concludes to the
negation of a network node, namely, that there was no loud bang. Note that so far none of the
evidential arguments has a counterargument; below we will add such counterarguments.

Recall that we want to model how the evidence can be explained. In our approach, the explana-
tion task is to explain the positive facts supported by evidential arguments while not contradicting
the negative fact supported by evidential arguments. (When evidential arguments have counterargu-
ments, this is restricted to those facts that are supported by arguments that survive the competition).
Let us say we are interested in explaining why witnessgandw, grabbed (i.e. molested) King. If
we focus on minimal sets of causes, then the following explanations correspond to the stories of the
prosecution, respectively, King:

H; = {King has bad intentions , others in living room 1
H, = {wind opens door }.

HypothesisH; explains all the observations that we made, witile does not explain that King
climbed into the backyard. Alsdi; contradicts the observation that there was no loud bang. Intu-
itively, this clearly makedH; the better explanation.

The reader may find some of the causal or evidential generalizations in this example weak or
far-fetched. However, this is not a problem for our approach. The very idea of our sense-making
system (which it shares with, e.g. Wigmore’s charting method) is that it is the user of the system
who is responsible for carefully testing the quality of his stories and arguments. The software should
support the user in this critical process; it should not itself automatically generate sensible stories and
arguments. ldeally, the software should also inform the user about the dangers involved in relying on
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stories and generalizations (@wining, 1999. How this can be done is part of our research project
but falls outside the scope of the present paper.

5. The formalisms

In this section, we outline our combined formal theory.

5.1 Generalizations

General knowledge is in our approach expressed with twoGetand Gg of causalandevidential
generalizations. Logically, we formalize both types of generalizations in the same way, with a special
conditional connective>, which only satisfies the modus-ponens inference rule:

9 p1&---&pn = Q.

Here,p:1 - - - pn andq are predicate logic literals amg the name of the generalization, is a first-order
term. Below, we will indicate whether a generalization is causal or evidential with subscripts, writing
=cand=g.2

5.2 An abductive framework

We now specify the notion of aabductive frameworkin Al, many formal and computational ac-
counts of abduction are available. The following simple account captures their essence and suffices
for present purposes.

An abductive frameworks a tupleAc = (Gc, O, F, X), where the elements of the tuple are
defined as follows.

e G, thecausal theoryis a set of causal generalizations.

e O, theobservationsis a set of ground first-order literals. (We will explain below w@ydoes
not have to be consistent.)

e F C O, theexplanandais a consistent set of first-order literals. They are the observations which
have to be explained (as further explained below, the observations Ralamot strictly have to
be explained but explaining them does make an explanation better).

e X, theexplanantia is the set of all ground literals occurring in the antecedent of some causal
generalization irG¢ and instantiated with some term@g U O.

Now, anexplanationin terms of Ac is a setH’ C X of hypotheses such that for eaéhe F, it
holds that

e HKfand
e HHEL.

Heret stands for logical implication according to the set of all deductive inference rules extended
with modus ponens foe. In Al, it is usually also required that a hypothesis explains or is at
least consistent with all observations@but these conditions are unrealistic if the correctness and

2 As usual in Al, a conditional expressed with which contains variables is a scheme for all its ground instances.
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completeness of the causal theory are not guarantederékken and Renogi2001), as is often the
case in legal cases.

When F can be explained in more than one way, the alternative explanations have to be com-
pared. Sometimes, e.g. Poole(2002), this is done in terms of probability distributions owvdr.
However, in our purely qualitative approach this method is, of course, not applicable. For now, we
work with the following simple ordering on explanations. (As not uncommon in Al, we will only
consider subset-minimal sets of hypotheses.) For any explartatitme setdH, andHy, contain the
observations irO that are explained, respectively, contradicted-y

e IfHpC ngandHn D H/,thenH < H".
o IfHyC Hg)andHn D H/, thenH < H".
o If Hp=HéandHn=Hr’,,thenH%H’.
e Inall other casedd andH’ are incomparable.

In words, if H’ is better tharH on the observations explained and not worse on the observations
contradicted, or ifH’ is better on the observations contradicted and not worse on the observations
explained, therH’ is better tharH. If they are equal on both criteria, then they are equally good
overall. In all other cases, they are incomparable.

Below, we will see that combining abduction with argumentation allows a refinement of this
preference relation. In future research, we want to investigate whether the criteria can be further re-
fined with content-based criteria from, for instance, the legal psychological literature on storytelling,
e.g.Pennington and Hast{@993 andWagenaaet al. (1993.

Let us illustrate these definitions with our King example. TheGetconsists of all causal gen-
eralizations corresponding to a link within the large rounded box in Eigio be brief and for
simplicity, we give just five of them and make some of the literals propositional:

g1: X has bad intentions =¢ X climbs into backyard ,
g2: X has bad intentions & x climbs into backyard &
others in living room =¢ X opens door

g3. Xxstepsontoy =ctoysound ,
ga: toysound =c xhearstoysound ,
gs:  wind closes door =c loud bang .

The setO contains all nodes that are supported by witness statements
O ={
King climbs into backyard ,
w1 is in living room ,
others in living room ,
w1 hears toy sound
doorisclosed ,
w1 goes to bedroom
w1 sees Kingin backyard
w1 runs after King,
w1 and w> grab King,
— loud bang

5.
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The setF of observations that have to be explained consists ofjusind w» grab King.

The explananti& consist of all ground literals that can be formed from any node with an out-
going causal link and instantiated witing, w1 or w». To be brief, we do not list the se&t.

Now, it is easy to see that the two explanations listed in Sedtican be formally generated by
the following hypotheses:

H; = {King has bad intentions , others in living room h
H> = {wind opens door }.

To make our earlier observations about their relative strength formal, we have

H1ip = {King climbs into backyard , w1 hears toy sound
dooris closed , wj goesto bedroom ,w; sees Kingin backyard
w1 runs after King, w1 and wy grab King},
Hop = {wy hears toy sound , dooris closed
w1 goes to bedroom , wj; sees Kingin backyard
w1 runs after King, w1 and wy grab King},

S0 Hzp C Hip. Also, we have
Hln = ﬂa
Hon = {— loud bang },

so Hiy € Han. Then, we have thatl; > Hp, so our formal preference relation captures our
intuitions of Sectiornt thatH; is the better explanation.

5.3 Alogic for defeasible argumentation

We now specify the logic for reasoning with evidential generalizations. Since such generalizations
allow for exceptions, this logic must be non-monotonic. Following our earlier woier et al.

(2003 andPrakken(2004), its design is very much inspired by Pollock’9905 OSCAR system.

In this system, the inference rules of classical logic are extended with defeasible inference rules that
give rise to prima faciereasons’. Reasoning proceeds by constructing, attacking and comparing
arguments. Arguments can be constructed by chaining deductive and/or defeasible inference rules
into trees. The leaves of such a tree are the input information (in our case the evidence) and the
root is its conclusion. A special kind of inference rule isuardercutter which says that in certain
circumstances some defeasible inference rule does not apply. Accordingly, defeasible arguments can
be defeated in two ways: they cantebuttedwith an argument for the opposite conclusion and they

can beundercutwith an argument that applies the relevant undercutting reason. Arguments can be
directly defeated on their final conclusion or inference step but also indirectly on intermediate ones.
If appropriate, rebutting conflicts between arguments can be adjudicated with a suitable preference
relation on arguments, possibly defined in terms of a preference relation on its premises.

In our case, the classical inference rules are those of standard first-order logic while the only de-
feasible inference rule is the modus-ponens rule foetheonnective. Undercutters to this defeasible
version of modus ponens are formalized as arguments for the conclusiaid (g), whereg is
the name of the generalization to which modus ponens is applied.

3 The conditionvalid(g) is included to support reasoning about whether a generalization is acceptable at all. Strictly
speaking,g is a function expressiog(ty, ..., tn), wheretq, ..., tn are all terms occurring in a generalization. Thus, a
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Summarizing, we have the following.

An evidential frameworks a tupleAg = (Gg, E), where

e Gg is a set okevidential generalizations

e E, aconsistent set of literals, contains thedence

An evidential framework induces amgumentation frameworik the sense dbung (1995, i.e. a set

Arg of arguments ordered by a binary relation of defeat. We say that an argénusieatsain argu-

mentB if A rebuts or undercuts eith& itself or one of its subarguments and (in case of rebutting)

B is not preferred oveA. Thedialectical statusof the arguments irg can be defined in various

ways Dung 1995. For present purposes, their differences do not matter so we confine ourselves
to an intuitive sketch. An argument jigstifiedif it survives the competition with all its counterar-
guments, it isoverruledif it is defeated by a justified argument and itdefensibleotherwise, i.e.

if at least one conflict with a counterargument cannot be resolved. It is important to note that the
dialectical status of an argument depends on the interactions between all argurdegisithough
arguments can make themselves justified by defeating all their counterarguments, sometimes they
do not, in case they need the help of other arguments, wkiastatethem by defeating their de-
featers. Suppose, for instance, that we generally prefer police withess statements over statements of
other witnesses. Then, K is based on a police statement @dn another witness, we have that
defeatsB but B may still be justified by a finding a reinstater. For example, if we find out that the
policeman lied, this gives rise to an arguménthat defeatsA and so reinstateB.

As for the content ofGg, we are inspired by the notion of argument schemf&om argu-
mentation theory (see, e.gvalton 1996. Such schemes express stereotypical patterns of defea-
sible reasoning. Their defeasibility is captured by a list of critical questions, which all have to
be answered before the scheme can be applieBeket al. (2003, it was argued that argument
schemes can be formalized as defeasible inference rules and that negative answers to critical ques-
tions correspond to undercutters of such rules (see\@dweij, 2003 Prakken2004). In Bexet al.

(2003 andPrakken(2004), it was argued that for reasoning about evidence, a combination of the
witness testimony scheme (adapted frdralton, 1996 and the perception, memory and temporal-
persistence schemes Bbllock (1995 comes close to David Schum'$994) well-known decom-
position of witness credibility into the aspects of veracity, objectivity and observational sensitivity.

In this paper, we adopt the approachBwXx et al. (2003 but we slightly change its formalization:
instead of formalizing the argument schemes as particular defeasible inference rules, we assume
that they are present iGg as generalizations and that they are applied with the modus-ponens
inference rule for the= connective. Note, finally, thabg may also contain knowledge that is
relevant for making inferences from the evidence or for assessing the validity of causal generaliza-
tions inGe.

generalization can be invalidated for only some of its ground instances since the general name of a generalization could be
g(x) (for variablex), while a statement valid (g(a)) asserts its invalidity for a specific individual Below, we will leave

such subtleties implicit and write names of generalizations as constants. Also, for simplicity we make no distinction between
‘full’ invalidity (inapplicable in all cases) and ‘partial’ invalidity (inapplicable in only some casesfRdret al. (2007, this
distinction is made by distinguishing between the validity of and exceptions to a generalization.
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5.4 The combination

We now describe the combination of the above abductive and evidential frameworks. The main idea
is that evidential argumentation influences story-based explanation in two ways. It influences the
content of the seG¢ of causal generalizations with arguments about the validity of causal general-
izations, and it influences the content of the ®ebdf observations with evidential arguments about
whether the observations can be derived from the evidential sources. In this paper, we illustrate both
types of influences with an example. Bex et al. (2007, the insights drawn from these examples
are fully formalized.

To illustrate the first situation, let us assume that the prosecution wants to strengthen its story by
adding a causal statement

Os. X wasbroke & xusesdrugs =c x has bad intentions

Suppose the police testified that King uses drugs. Then, in explanidtidche assumptiorKing

has bad intentions can be replaced biing was broke . This arguably makekl; more con-
vincing since the new assumption can be evidentially supported by documentary evidence. However,
suppose thabBe contains the generalizations

g7 : gisbased on prejudice =g invalid (g),
gs: ¢looks at drug use & suspect xis from
ethnic minority = gis based on prejudice

and suppose th& contains

e;: Oslooksatdruguse
e : suspect Kingis from ethnic minority

Then, on the basis d&g the following argument can be constructed:

1. gelooks at drug use (from E)

2. suspect Kingis from ethnic minority (from E)

3. Jsis based on prejudice (from 1, 2 with gg)
4, —valid (gs) (from 4 with g7).

Suppose for the moment that this argument has no defeaters. Then, clearly our new veksion of
should not count as an explanation since it uses a generalization that is declared invalid by a justified
argument. So the prosecution should either return to its original versibia of find another causal
generalization for explaining King's bad intentions. However, things can be more subtle since the
just-given argument may have defeaters and may be only defensible. (We leave it to the reader to
think of plausible counterarguments.) In that case, it seems that explaitisrstill constructible
but has lost some of its quality.

Let us now consider disputes about witness credibility, affecting the content of the observations
O. Supposésg contains the following generalization, formalizing the witness testimony scheme for
any combination o witnesses:

go:. Wwitness wisaid ‘p'& ---& witness wyp said ‘p’ =g p.

4 For accrual of evidence in argumentation, Beakken(2005.
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The argument that gave rise to the observatidoud bang then looks as follows.

1. witness wjpsaid ‘no loud bang ' (fromE)
2. witness wysaid ‘no loud bang ' (from E)
3. witness wszsaid ‘no loud bang ' (from E)
4. —loud bang (from 1, 2, 3 with go).

Without defeaters, this argument is justified so its conclusion can safely be inclu@edHiowever,
if this observation has no justified arguments, things are different. If it only has overruled arguments,
it should not be inO, while if it at best has a defensible argument, it can be include@ ibut
explaining it is less important than explaining a justified observation.

We now briefly illustrate this with the following generalizationsGig:

Oi0: —witness w is truthful =g —valid (go),
g11: witness w has lied before =g —witness w is truthful

Clearly, if we add toE that

e . witness w1 has lied before ,
e . witness wy has lied before ,
6 . witness w3 has lied before

(for simplicity, we leave the sources of these facts implicit), then for all witnesses an argument that
they are not truthful can be constructed, so the argument that there was no loud bang is undercut (as
well as the versions dfy for one and two witnesses). In that case, this conclusion only has overruled
arguments and should not be includeddn

However, suppose that the undercutting arguments can be in turn attacked, and that in the end
they remain defensible. Then, the conclusieioud bang can be added t® but it becomes less
important that they are explained and less serious that they are contradicted.

To conclude this section, the examples in this section were deliberately simple for ease of expla-
nation, which might have made them rather simplistic. It should be noted tiEet al. (2003
andPrakken(2004 2005, a number of hopefully more realistic examples of argumentation about
witness testimonies are discussed.

6. Building sense-making software

As said in Sectiorl, the ultimate goal of the research project on which this paper reports is to
design (proof-of-concept) sense-making software for crime investigation. In this section, we briefly
describe the visualization component of this system as far as it has been designed so far and we illus-
trate it with the King case. The system (call®dER$ is implemented as a web front end to an SQL
database. A case can be represented visually through multiple views; in this paper, we will focus on
the two graphical views, i.e. the evidence view and the story view. The supplementary views (includ-
ing a node view, a report view and an argument view) are, among other things, useful for reporting
purposes. The software design makes extensive use of colours, which naturally cannot be shown in
this paper. Therefore, colour indications have in some cases been added to the screenshots by hand.
A version with colour pictures has been put online at http://www.cs.uu.nl/research/projects/evidence/
publications/IprO7submitted.pdf.

It should also be noted that the visualization methods described here are meant to be used in
software and therefore some pictures may be less readable when displayed in print.
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FiG. 3. Screenshot AAVERSevidence tab.

TABLE 1 Nodetypes

Type/polarity Data (box) Inference asdheme
Positive (green) Interpretation node Inference node

Claim PRO main thesis Inference from positive nodes
Negative (red) Interpretation node Inference node
Negative (red) Claim CON main thesis Inference from negative nodes
Neutral (blue) Quotation node Scheme node
Neutral (blue) Quote from souram®cument

6.1 The evidence tab: drawing arguments and causal networks

The evidence tab (see Fig) can be used to draw evidential arguments and causal networks. It
consists of a split screen where the upper half displays a global overview of the case (the combined
argument and story graph containing nodes and links) and the lower half displays the attributes of
a node that is selected by the user in the upper half of the screen. New nodes can be added to the
screen by clicking the desired node type. Two nodes can be connected by drawing lines from node
to node. If a node is clicked in the upper half of the screen, its attributes can be edited in the lower
half of the screen. Thus, a case is built.

Square-boxed nodes represent claims about a case and may be connected by directed links to
represent inferential relations between claims. To link claims to the real world, some of them are
coupled to external source documents from which text is selected. Such selections are made in much
the same way as text in hard copy source documents is marked with highlighting marker pencils.

Nodes can be of three different types and three different polarities (seeITblan overview
and Fig.4 for an example). More precisely, nodes can be of the data, inference or scheme type, and
they can either be positive, negative or neutbata nodesrepresented as square boxes, can in turn
be of two subtypesinterpretation nodeseither positive or negative, represent contestable claims,
while quotation nodesepresent quotes from textual sourckgerence nodesdepicted as small
ellipses, are justifications for inferential links. This distinction between data nodes and inference
nodes is founded on the argument interchange for@ia¢§ievaret al,, 2006. Finally, scheme nodes
represent argument schemes and justifications for inference nodes that are not supported by other
inferences. Scheme nodes are depicted as blue ellipses. CudtiiRscontains the argumentation
schemes present in AraucarRded and Rowe2004). Moreover, users are able to modify schemes
and add their own schemes.
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Multiple witness
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FIG. 4. An argument with counterargumentsAMERS
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e s 4 occur) (Premise: In this s
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( '['\iéirwigray-é(i:'}]
FiG. 5. A simple story inAVERs

Given these node types, inferences can be expressed by connecting two or more nodes with infer-
ential links, based either on causal or on evidential relations between states of affair. Evidential links
are black with triangle-shaped arrowheads, while causal links are yellow and have diamond-shaped
arrowheads (see Fi§). The polarities of linked nodes determine the type of the link between them:
two nodes of the same polarity support each other, while two nodes of opposing polarities attack
each other (the polarity of a node is indicated by its colour). Nodes can be attacked in two different
ways. Arebuttal attacks a data node, while andercutterattacks another inference node. Figdre
contains an argument with conclusioa loud bang attacked by three undercutting attacks. A re-
butting attack of the same argument could be drawn by creating alooddang and linking it
via arebut ellipse to the nodeo loud bang

Generally, a case is built as follows (see the abstract example ilbfi§tarting from the evi-
dence, for instance, a quote from a witness testimonyRhatcurred, a user may use the witness
testimony scheme in order to inf&. While doing that, the user has to take the critical questions
that are attached to this scheme into account. A negative answer to any of these invalidates the in-
stantiation of the scheme and is therefore added as an undercutter, while a positive answer will result
in a latent undercutter (as displayed in Fagvith the ellipse containing ‘[lightgray CQJ’). The user
may then use causal knowledge to connect the observedPfaatanother fact, say), andQ to
another facR. Thus a story is built. To complete a story, the user may also add events or facts that
are not yet supported by evidence. If evidence for such a proposition is found, the user may use an
evidential argumentation scheme in order to connect it to evidence since schemes can expand nodes
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not only bottom-up but also top-down. In other words, a certain node can be marked as being (one
of) the premise(s) of a scheme, but also as the conclusion. In the first case, the system automatically
adds the conclusion of the scheme (together with the inferential link and the corresponding scheme
node), while in the latter case it automatically adds the premise(s). Moreover, the system provides
functionality to define links as being instantiations of a certain scheme. If two nodes are connected
by dragging the mouse, the chosen scheme is added automatically.

Based on inferential connection8YERsis able to evaluate the dialectical status of nodes,
i.e. whether they are supported by a justified argument or not, based on algorithms described in
Vreeswijk (2006. For example, in Fig4 the nodeno loud bang is defeated by three undercut-
ters. In the software, both this node and the inference node on which it is based will therefore be
coloured red.

6.2 The story tab: investigating explanations

The story tab displays a selection of the nodes and links that were already added by the user using
the evidence tab. Put more precisely, it displays a graph that contains all and only those nodes that
are part of a causal network, i.e. nodes that are linked to one or more other nodes through causal
connections. The nodes that are part of the3ewhich are those that are supported by a justified or
defensible argument, are displayed in a different colour, and the noéeariain addition displayed

as encapsulated boxes.

The support the system should provide to the user in the story tab is twofold (currently these
features have not yet been implemented). Firstly, it should be able to determine, giveH aket
nodes marked by the user as hypotheses and the set of causal general@atiomsn by the user,
which of the observations i® are explained byH U G¢. When applicable, it should also tell which
overruled facts are explained. Secondly, and reasoning the other way around, the system should
be able to infer the possible explanations for the observed @dtsat satisfy certain criteria. For
instance, it could be told to infer minimal explanationsFothat only consist of initial causes, or it
could be told to infer a minimal connected part of the causal network that starts with initial causes
and ends with all elements &f.

6.3 The King case visualized in AVERs

We now visualize some aspects of the King cas@&WERs In doing so, we assume that the two
stories were gradually built and refined by the police investigators.

Let us suppose that in this example case, the investigation started with the observation that King
was molested by Mr Zomerdijk and his brother in their backyard (see@igodew; and w»
grab King). Subsequently, the police might have considered two possible explanations:

e King was trying to burgle the Zomerdijks and was caught by Mr Zomerdijk, who acted in self-
defence, or

| bad intentions [green claim] | climb backyard [green observation] enter house [darkgreen observation] 1
TR S T — iS5, [P a2 et et T = cause
King has bad = King climbs into King enters —_—

grab King [darkgreen observation]
causes . e A
intentions backyard house

wl and w2 grab
King

causes

FiG. 6. King case: preliminary story.
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e the Zomerdijk family saw King in their backyard because the toy made a sound, and molested
him, apparently for no reason.

The police opted for the first story, supported by the testimonies of the Zomerdijks. So as an ex-
planation for the fact that King was grabbed by Mr Zomerdijk in his backyard, they assumed that
King had bad intentions, i.e. he wanted to break into the Zomerdijks’ house, and climbed into their
backyard in order to enter the house. Their preliminary story looks likegFig.

Assume next that based on testimonies of the Zomerdijk family and the hypothesized events, the
police refined their story. For example, based on their causal assumption that King entering the house
caused him to step on the toy, they added a causal link f¢omg enters house  and predicted
the nodeKing steps on toy , which in turn led to the toy making sound, and so on. The complete
prosecution’s story may be representedWERsas displayed in FigZ (for readability purposes, the
causal network is split into two parts at notley makes sound ).

We next describe how stories can be anchored in evidence. For this purpose, witness testimonies
are used. Consider, e.g. witnesses 1, 2 and 3 who declared that they were in the living room. By
selecting text from the original source documents, quotation nodes can be added to the graph. These
evidence nodes can now be connected to the fact in the story by selecting the witness testimony
scheme for multiple witnesses (see RY. Applying argumentation schemes to all testimonies re-
sults in an anchored story as displayed in Fidalso split at nodéloy makes sound ). In this
figure, all generalizations, inference nodes and scheme nodes are hidden for readability purposes.
This illustrates howvAVERsallows to collapse certain nodes based on their type or status (these nodes
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FIG. 7. King case: prosecution’s complete story.

W1 saw others [blue quote]
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W2 saw others [blue quote]
W2 says that he saw
others in the living
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-f__[_grean mferencer]r > There were others in —
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W3 saw others [blue quote]

W3 says that she saw
others in the living
room

Multiple witness
testimonies [blue scheme]

FiG. 8. King case: observation supported by witness testimonies.
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FIG. 10. King case: prosecution’s story with highlighted observations.

are depicted in smaller form without text) or to hide them completely, so that the user maintains
overview of complex graphs.

Now that the prosecution has completed their story, it has to be checked whether the observa-
tions can be explained by it. For this purpose, the story tab must be used. This tab displays the
prosecution’s story and colours the facts or events that are supported by justified or defensible ar-
guments gray (see Fid0). These nodes are part of the set of observationd his set thus con-
tainsKing climbs into backyard , Others in livingroom , w1 hearstoy ,wjgoes to
bedroom, W; sees King in backyard , wj runsafter  King, w1 and w> grab King and
Dooris closed . The nodew; and w» grab King is selected as the only member Bf(dis-
played with encapsulated boxes). The hypothek&hould explain as many observations fr@vas
possible but at least explaity and w> grab King. The prosecution’s hypothesibl() is as follows:

King had bad intentions and wanted to burgle the Zomerdijk family. The others were in the living
room, so he had the opportunity to do $8. thus contains the nodé&sng has bad intentions

andOthers in livingroom . After selecting the nodes that are part of the hypothesis (marked
by an asterisk in Figl1), the system deduces which observations are explained by it and marks them
by adding a black box.

As displayed in Figl1, the prosecution’s hypothesis explains all observation® ind more.

After all, this figure shows how all observations (coloured gray) are surrounded by a black box.
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King offers an alternative story, displayed in Fig (to keep the figure readable, some paths are
compressed to single links). However, when taking into account that generally when a door is blown
shut, there is a loud bang, the story has to be updated (se&3-ighich also contains the relevant
argument from witness statements that support King's story). Unfortunately for King, none of the
witnesses heard a loud bang, so assuming that all witnesses told the truth there was no loud bang.
Figure13therefore contains an attack link framo loud bang toloud bang . If we combine the
prosecution’s story with King’s explanation, we obtain Hid. (Because of space limitations, several
causal paths are in this figure compressed to links.) The prosecution’s hypothesis still explains all
observations since King's alternative did not add any new observatiads Mow, let us determine
whether King’s alternative is equally good. King'’s hypothesis)(is that the wind opened the door.

H> thus only contain®Vind opens door (marked by an asterisk). The story tab will now display
which observations are explained (see Hif). There are two major problems with King’s story.
First of all, it does not explain why he was in the backyard. This means that King

e must provide an alternative explanation or

e has to admit that he had bad intentions.

SecondlyH> explains that a loud bang must have occurred. However, this conflicts with the witness
testimonies and is therefore defeated by a justified argument. So, using the figures displayed in the
story tab of AVERSs(see Figsll and15), it is fairly easy to see thatl; is better tharH, because

it explains more (more observations are surrounded by a black box) and does not explain defeated
propositions (no red observations are marked by a black box).

Let us finally discuss how the two invalidity arguments of Seciohcan be added to these
figures. Figurel6 displays the argument attacking the causal link that was supposedly added by the
prosecution to explain why King had bad intentions, while Bigbove in fact contains the argument
attacking the presence of the nadeloud bang in the story part of the graphs.
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6.4 State of implementation

The AVERssystem as described in this section has not yet been fully implemented. Functionality

that has been implemented includes the ability to create nodes, the ability to create and apply in-
ference schemes and the possibility to compute the dialectical status of individual nodes. In short,
the evidence tab as described above has been fully implemeéu&tRscurrently lacks functional-

ity to perform explanatory or abductive reasoning. This aspect, i.e. the story tab, is currently being
developed and implemented.

7. Conclusion

This article has reported on a research project on the development of sense-making software for
crime investigation. We have discussed how the causal aspects of evidential storytelling can best
be modelled and visualized and linked to the available evidence. We claim to have made two main
contributions. Firstly, we have argued that in the context of sense-making systems for crime in-
vestigation there are reasons to combine two Al approaches, abductive explanatory reasoning and
modus-ponens-style default reasoning, which are usually considered as irreconcilable alternatives.
We have outlined how this proposal can be formalized. From a legal theoretical perspective, this
amounts to an attempt to unify the ANT and the NET. Secondly, we have described the current
design of a visualization software tool in which causal networks can be linked to the available ev-
idence with modus-ponens-style argumentation structures. This tool is still under construction. At
later stages of the project, it will be empirically tested in user experiments to see whether using
such atool indeed has the benefits it is often claimed to have. Among other things, this should bring
clarity on whether a combination of story-based and argument-based reasoning is indeed natural to
crime investigators.
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