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EVENTS AND IDENTITY IN PROBABILISTIC MODELS  
OF LEGAL EVIDENCE
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ABSTRACT: This paper examines whether Bayesian networks are expressive enough to model reason-
ing with evidence in legal cases. Bayesian networks can represent many familiar patterns of eviden-
tial reasoning, including inferences from evidence to hypotheses, cumulative support from multi-
ple items of evidence, and chains of inferences linking intermediate hypotheses to ultimate guilt. 
But other evidential inferences common in legal cases are more difficult to model. Focusing on a 
real criminal case, the paper distinguishes between identity- and event-level inferences. Event-level 
inferences show why certain actions amount to guilty conduct, while identity-level inferences link 
the defendant to those actions. The challenge for Bayesian network models of legal evidence is to 
represent how identity- and event-level inferences combine and reinforce one another. Meeting 
this challenge requires extending Bayesian networks beyond a purely propositional language.

KEYWORDS: bayesian networks; likelihood ratio; probability; criminal law.

1.  INTRODUCTION

Can the evidence in a legal case be modeled probabilistically? Following Mackor 
(2026), this question is best divided into more specific subquestions. One concerns 
the target of the probabilistic modeling: are we asking whether individual items of 
evidence can be modeled probabilistically, or is the question about modeling the 
totality of the evidence in a case? Another subquestion concerns who is supposed to 
carry out the probabilistic analysis. Should the analysis be assigned to experts who 
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possess domain-specific knowledge, or should it remain with judges and jurors, per-
haps with the assistance of court-appointed experts?

There is little doubt that individual items of evidence can be—and often are—
evaluated probabilistically by experts. The most familiar examples come from foren-
sic science (Taroni et al., 2014). Suppose that genetic material matching the defend-
ant is found at the crime scene. A forensic expert will typically offer the following 
probabilistic analysis of the match: they will assess how probable that finding would 
be if the defendant were the source of the genetic material, as compared with how 
probable it would be if someone else were the source. Expressed as a ratio, this com-
parison is known as the likelihood ratio:

P ( match | defendant is the source)
P ( match | defendant is not the source)

This ratio quantifies the degree of support that the match evidence provides for 
the source hypothesis: the greater the ratio, the stronger the support.

Forensic experts have also begun to apply probabilistic analyses beyond source-lev-
el propositions to activity-level propositions (Taylor et al., 2018). The question of 
interest is often not merely whether the defendant is the source of a trace recovered 
at the crime scene, but how the trace came to be there, for instance, whether it got 
there during a violent confrontation between the defendant and the victim. How to 
carry out a probabilistic analysis of trace evidence for activity-level propositions is a 
topic of ongoing discussion in the literature (Stacey et al., 2025).

A typical legal case, however, will consist of many pieces of evidence bearing on 
different propositions, not a single item of evidence bearing on a single proposition, 
such as a source- or activity-level hypothesis. So it is natural to ask whether the to-
tality of the evidence in a legal case can be modeled probabilistically. That is a more 
complicated question. Which also makes the institutional question—who should 
carry out the probabilistic analysis?—more complicated. Experts may have the tech-
nical competence to build probabilistic models of individual items of evidence, but 
they lack the institutional authority to model a legal case as a whole. Judges and 
jurors, by contrast, have the authority to assess the totality of the evidence—that is 
what they are tasked with doing at trial—but they usually lack the technical compe-
tence required to construct a probabilistic model.

In this paper, I am going to set aside the institutional question. I will focus in-
stead on whether it is in principle possible to model a case as a whole in probabilistic 
terms. A number of probabilistic models of entire legal cases have been developed. 
These models all rely on Bayesian networks (more on these soon). Examples include 
analyses of the Sacco and Vanzetti case (Kadane & Schum, 1996), the Anjum mur-
ders (Vlek et al., 2014), the Simonshaven case (Fenton et al., 2020), and a recent su-
permarket robbery case in the Netherlands (Hampson & Leeuwen, 2025). These ex-
amples suggest that probabilistic methods can be extended beyond individual items 
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of evidence to the analysis of a case as a whole using Bayesian networks. So there are 
some reasons for optimism.

But there are also reasons for skepticism. First, a common worry is that prob-
abilistic models require numerical probabilities as inputs, yet the relevant data are 
often unavailable. Without data, the analysis must rely on rough estimates, educated 
guesses or expert judgment. But even when the data are available, they need not 
dictate the relevant probabilities. The data must first be interpreted and connected 
to the propositions at issue in the case. As Allen & Pardo (2007) note, the numbers 
used in probabilistic models are not "an objective datum that captures the value of 
evidence". Instead, they are "just more evidence, which itself must be interpreted to 
assess its value" (p. 119)  1.

A second challenge for probabilistic analyses of evidence, especially when the aim 
is to model an entire case, is the absence of a well-established methodology. Differ-
ent analysts may produce different probabilistic models of the same case. To be sure, 
some authors have proposed ways to regiment the process of probabilistic model 
construction, for example, by identifying recurring idioms (Fenton et al., 2013) or 
by comparing the modeling choices of different analysts (Hampson & Leeuwen, 
2025). But the construction remains an interpretive task rather than a mechanical 
procedure. Any model—and probabilistic models are no exception—reflects choices 
about which propositions to include, at what level of abstraction to represent them, 
and how to structure the relations among them.

Now, even if the numerical and methodological challenges could be addressed, a 
third challenge would remain: are probabilistic models—and Bayesian networks in 
particular—expressive enough to capture the kinds of inferences that characterize 
reasoning with evidence in legal cases? This challenge is my focus here. As I will show, 
some evidential inferences can be represented quite naturally in Bayesian networks, 
while others are less tractable. To anticipate, the difficulty I will highlight lies in 
the interaction between inferences about events and inferences about identity. The 
integration of the two is not easy to model within standard (propositional) Bayesian 
networks. A richer formalism is needed.

The plan is as follows. I begin with a few examples of inferences that can be mod-
eled with Bayesian networks (§2 and §3). To keep the discussion concrete, I turn to 
a simple legal case. I start with an informal description of the case and its items of 

1  A subjectivist Bayesian will respond that this is not a defect. Probabilities are not objective 
frequencies mechanically read off from the data. They are instead subjective degrees of belief, informed 
by data where available and revised in light of new evidence. On this view, probabilistic models do not 
remove judgment from the assessment of the evidence. Rather, they make judgment explicit and require 
it to be probabilistically coherent (Bozza et al., 2026). Still, the probabilistic model does not, by itself, 
tell us whether the probability assignments it contains are well supported by the evidence. That further 
question depends on how the evidence is interpreted, how the propositions are framed, and whether the 
available data are relevant to the case at hand.
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evidence (§4). I then present a coarse probabilistic model and refine it (§5 and §6). 
I show how some inferences resist probabilistic modeling in standard (propositional) 
Bayesian networks (§7 and §8). Finally, I conclude by underscoring the need for a 
more expressive formalism (§9).

2.  BAYESIAN NETWORKS

I shall start with an overview of the central modeling tool used in probabilistic 
analyses of legal evidence: Bayesian networks. They are graphical representations of 
probabilistic dependencies among a set of variables. A Bayesian network has both 
a qualitative, graphical component and a numerical component  2. Graphically, the 
network consists of nodes and directed edges (arrows) connecting the nodes. The 
graph must be acyclic (Figure 1): one cannot start from a node and, by following the 
direction of the arrows, eventually return to that same node.

Bayesian network Not a Bayesian network

A B

C

A B

C

Figure 1.  A Bayesian network must be directed and acyclic. The graph on the left satisfies both 
conditions. The graph on the right is directed, but not acyclic.

On the numerical side, each node in a Bayesian network represents a random 
variable that can take different possible values with different probabilities. Each node 
is associated with a probability table that specifies the probabilities of its possible val-
ues (Figure 2). In other words, the table specifies the probability distribution of the 
random variable. The directed edges indicate conditional probabilistic dependencies 
among the variables. If a node has no parents, its probability table will give a prior 
probability distribution. If a node has parents, its probability table will give a con-
ditional probability distribution, specifying the probability of each possible value of 
that node given the values of its parents.

2  For a book length introduction to Bayesian networks for modeling legal cases, see (Lagnado, 
2021). For the application of Bayesian networks to forensic science, see (Taroni et al., 2014).
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A B

C

P(A = 1) =0.3,    P(A = 1) =0.7

P(B = 1) =0.4,    P(B = 1) =0.6

A B P(C = 1 | A,B) P(C = 0 | A,B)
0 0 0.10 0.90
0 1 0.50 0.50
1 0 0.60 0.40
1 1 0.90 0.10

Figure 2.  Nodes A and B have no parents and are assigned prior probabilities. Node C has parents A 
and B, so it is assigned a conditional probability table.

A common source of confusion concerns the direction of the arrows. Strictly 
speaking, the difference between a network with an arrow from A to B and a network 
with an arrow from B to A is purely formal. In the first case, the model requires a 
conditional probability distribution for B given A. In the second case, the model 
requires a conditional probability distribution for A given B.

But arrows are often given an intuitive, less formal interpretation. On a common 
reading, an arrow from A to B suggests that A is a cause, or part of the causal expla-
nation, of B. For example, whether the defendant is the source causally influences 
whether the forensic test produces a match. So the graph will have an arrow from 
source to match. From an evidential point of view, however, the observed match is 
a reason for thinking that the defendant is the source. On that reading, the arrow 
will run from match to source (Dahlman & Kolflaath, 2022). In what follows, I will 
often use the causal reading. When evidence is modeled as the effect of an event, the 
arrow will run from the event to the evidence.

Arrows can also be given an analytical interpretation. For example, one node 
may be materially or conceptually incompatible with another: if one proposition 
is true, the other must be false. A node for the defendant’s alibi and a node for the 
defendant’s guilt are related in this way: if the defendant was elsewhere at the time of 
the offense, then the defendant could not have materially committed the offense. Or 
one node may be a consequence of another: if the defendant disposed of the weapon 
at a particular location, then the defendant must have been at that location. These 
relations reflect physical or conceptual constraints, and they can be represented in 
a Bayesian network by deterministic entries in the relevant conditional probability 
tables (Figure 3, bottom).
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Source Match

Casual (generative) reading

Source Match

Evidential reading

G A P(C = 1 | G, A)
1 1 0
1 0 1
0 1 1
0 0 1

Guilt Alibi

C

Analytical reading

Figure 3.  In a causal reading, the arrow runs from cause to effect. In an evidential reading, reasoning 
proceeds in the opposite direction. The bottom panel illustrates an analytical constraint (note the 

dashed arrows): an alibi and guilt are materially incompatible. This can be represented by a constraint 
node C, whose conditional probability table assigns probability zero to the combination of guilt and 

alibi.

Bayesian networks provide compact representations of joint probability distribu-
tions over many variables. The basic idea is simple: instead of writing out an enor-
mous probability distribution that covers every possible combination of variables, 
the network breaks the problem into smaller pieces. Each variable is represented by 
a node, and the probability of that variable depends only on its parent variables, that 
is, the variables that point directly into it. Stated more formally, the joint probability 
distribution over all variables in the network can be factorized as a product of local 
conditional probabilities, each associated with a node and its parents. If the variables 
are X1, …., Xn , the joint distribution is written as the following product:

P(X1, …, Xn) =

n

P(Xi | Pa(Xi))∏
i = 1

where Pa(Xi) denotes the parents of Xi in the graph. The formula expresses the 
central assumption of a Bayesian network: once the parents of a variable are fixed, 
other non-descendant variables do not make any further difference to the probabil-
ity of that variable. To put it more formally, the equality holds by the local Mark-
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ov property of Bayesian networks: each node is conditionally independent of its 
non-descendants given its parents (Figure 4).

P1

N1

N2 D1

X

D2

P2

Parents of X

Non-descendants of X

Descendants of X

Figure 4.  Once X’s parents P1 and P2 are fixed, X’s non-descendants N1 and N2 provide no 
further information about X. So, by the local Markov property, it follows that  

P (X | P1,P2,N1,N2) = P (X | P1,P2).

3.  IDIOMS IN BAYESIAN NETWORKS

It is now time to consider how Bayesian networks can model recurring patterns of 
inference in legal cases. In the diagrams that follow, some nodes are evidence nodes 
(represented by rectangles) while others are hypothesis nodes (represented by circles). 
A Bayesian network can thus be understood as a structure for representing probabil-
istic relationships or inferences between evidence and hypotheses.

In what follows, I will slightly abuse notation. I will use the same symbol both 
for the random variable represented by a node and for the proposition that this var-
iable takes the value 1. Thus, if S is a node representing the source hypothesis, then 
S denotes the random variable that can take the values S = 1 and S = 0. At the same 
time, I will use S  as shorthand for the proposition that the source hypothesis is true 
(that is, S = 1 ) and ¬S as shorthand for the proposition that it is false (that is, S = 0). 
Context should make clear which use is intended.

Following recurring inference patterns or idioms for Bayesian networks (Fenton 
et al., 2013), I will start with the simplest one. The support that a piece of evidence 
lends to a hypothesis can be modeled by comparing the probability of observing the 
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evidence if the hypothesis is true with the probability of observing the same evidence 
if the hypothesis is false. As seen before, this is the likelihood ratio:

P(E | H) 
P(E | ¬H)

If the ratio is greater than one, a rational decision-maker should increase their 
assessment of the probability of the hypothesis  3. Graphically (figure 5, left side), this 
inference is modeled by the simplest Bayesian network consisting of just two nodes, 
one for the hypothesis and another for the evidence, with an arrow from hypothesis 
to evidence. Crucially, an arrow from H to E does not by itself mean that E supports 
H. That depends on the corresponding conditional probability table. If the table says 
that P(E | H) > P(E | ¬H), then E supports H; if P(E | H) = P(E | ¬H), then E is 
evidentially neutral; and if P(E | H) < P(E | ¬H), then E counts against H. Thus, 
the graph signals a potential dependency. Whether that dependency amounts to 
support, neutrality, or opposition depends on the numbers in the probability table.

H H

E E1 E2 E3

Hypothesis-evidence Hypothesis and multiple lines of evidence

Figure 5.  Simple inference patterns in Bayesian network form.

A more complex pattern arises when multiple items of evidence, E1, E2, …. , Ek, 
constitute independent lines of support for the same hypothesis H. This evidential 
pattern has a formal equivalent, that is, each Ei can be assumed to be conditionally 
independent given the hypothesis of interest (and given its negation)  4. Then, their 
combined evidential force is modeled by multiplying their likelihood ratios:

3  By the odds form of Bayes’ theorem,

P(H | E )
=

P(E | H ) · P(H )
P(¬H | E ) P(E | ¬H ) P(¬H )

If the likelihood ratio is greater than one, then the posterior odds of H are greater than the prior 
odds of H. Provided 0 < P(H ) <1, it follows that P(H | E ) > P(H ), or in other words, the 
observation of the evidence rationally supports an increased degree of belief in the hypothesis.

4  In symbols, for three items of evidence E1, E2, E3:
P(E1,E2,E3|H ) = P(E1|H )P(E2|H )P(E3|H ), 
P(E1,E2,E3|¬H ) = P(E1|¬H )P(E2|¬H )P(E3|¬H )
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P(E1|H )
x

P(E2|H )
x…x

P(Ek|H )
P(E1|¬H ) P(E2|¬H ) P(Ek|¬H )

If each likelihood ratio is greater than one, a rational decision-maker should in-
crease their assessment of the probability of the hypothesis by a significant margin. 
Multiple, independent lines of evidence in support of H lend much stronger support 
taken together than each one in isolation. Graphically (figure 5, right side), this 
inference is modeled by a Bayesian network consisting of a hypothesis node from 
which outgoing arrows point to different evidence nodes.

H

R

GM O

E

Reliability condition a�ecting evidenceMotive and opportunity

Chain of inferences: activity and source

HA

E

EoEo

Figure 6.  Other inference patterns in Bayesian network form.

Fenton et al. (2013) identify many other recurring inference patterns, including 
inferences from someone’s motive and opportunity to their guilt. Having a motive 
and having the opportunity to commit a crime, for example by being near the crime 
scene, are both predictors of guilt. In a Bayesian network, this can be represented by 
nodes for motive and opportunity, each with an arrow pointing to the guilt node. 
Motive and opportunity may in turn be supported by evidence, so that they function 
as intermediate hypotheses within the network (Figure 6, top left side).

Another common pattern is the reliability (or accuracy) idiom. When a piece of 
evidence supports a hypothesis, its probative value depends on the reliability of the 
evidence. Suppose, for example, that an eyewitness states that the defendant was near 
the crime scene. That testimony supports the hypothesis that the defendant was near 
the scene only if the witness is reliable, say was not far away or did not make the 
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identification in the dark. Graphically (figure 6, top right side), this can be represent-
ed by a network in which both the evidence node and a reliability node bear on the 
hypothesis. In likelihood ratio terms:

P(E | H,R)
>1

P(E | H,¬R)
= 1

P(E | ¬H,R) P(E | ¬H,¬R)

The first expression says that, conditional on the witness being reliable, the tes-
timony is more probable if the hypothesis is true than if it is false. So the evidence 
supports the hypothesis. The second says that, conditional on the witness being un-
reliable, the testimony is equally probable whether the hypothesis is true or false. So 
the evidence provides no support when the reliability condition is not met.

Finally, consider the inference from match evidence to a source proposition, and 
from the source proposition to an activity proposition (Figure 6, bottom). The in-
ference proceeds in two steps. First, the match evidence supports, to some degree, 
the source proposition, for example, that the trace recovered at the crime scene came 
from the defendant. Second, the source proposition supports, to some degree, an 
activity proposition, for example, that the defendant participated in the relevant 
criminal conduct. These two inferential steps can come apart. A DNA match could 
strongly support the hypothesis that the defendant was the source of the trace, while 
it remains unclear whether the trace was deposited during the crime or through 
innocent contact. Conversely, even if the source-to-activity inference is strong, the 
overall inference can still be weak if the matching evidence provides only limited 
support for the source proposition.

The inferential patterns identified above—the simple evidence-hypothesis idiom; 
multiple lines of evidence; motive and opportunity; reliability; chain of inferences—
can also be combined in a modular fashion to form more complex models that con-
sist of several items of evidence and hypotheses. Hampson & Leeuwen (2025) rely 
on those very idioms to model a supermarket robbery, and Fenton et al. (2020) do 
something similar with the Simonshaven case. This suggests that Bayesian networks 
have considerable expressive power: by combining common inferential idioms, they 
can model some legal cases in their entirety.

4.  STATE VERSUS EVANS

Having seen some of the inferences that Bayesian networks can model, let us now 
turn to an actual legal case to keep the discussion concrete. The case is useful for 
our discussion because it is simple to understand but also complex enough to pose a 
challenge for probabilistic modeling. The prosecution’s theory depends on multiple 
strands of evidence that support different propositions. Some items bear on motive, 
some on identity, some on presence near the crime scene, and others on possible 
post-offense conduct.
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In State v. Evans, SC 21006 (Conn. Aug. 12, 2025), the prosecution alleged that 
the defendant, Evans, shot and killed Reginald May outside May’s apartment in 
Bridgeport, Connecticut, shortly after 4:00 a.m. on July 2, 2017. The State’s theory 
was that the killing was connected to an earlier dispute between Evans and the vic-
tim. Several items of evidence, taken together, link Evans to the shooting.

Evans and May had argued and fought over money during a moving job in Vir-
ginia on June 28, 2017. After that incident, May returned to Connecticut. A few 
days later, surveillance video from near May’s apartment showed a large dark SUV 
circling the area and then parking on Alice Street at about 4:17 a.m. The footage 
showed a man in a hooded sweatshirt exiting the SUV, walking toward the apart-
ment building, and returning to the vehicle at about 4:21 a.m.

The State sought to connect this footage to Evans in several ways. First, the SUV 
shown in the video was consistent with Evans’s Cadillac Escalade. Second, police ex-
tracted a still image from the surveillance footage, and both the victim’s brother, John 
May, and the victim’s girlfriend, Cherry Williams, identified the person in the still 
image as Evans. The State also introduced evidence of a firearm recovered on July 13, 
2017, at West Rock Nature Center. Ballistic examination linked the firearm to the 
crime. Finally, the State relied on phone location information showing that on July 
3, 2017, Evans’s phone connected to a cell tower near West Rock Ridge State Park, 
near the area where the firearm linked to the crime was found.

A list of the different items of evidence is provided below for ease of reference:
Surveillance video.  Surveillance footage on July 2, 2017 from near the victim’s 

apartment showed a dark SUV parking on Alice Street around 4:17 a.m. A man in a 
hooded sweatshirt exited the SUV, walked toward the building, and returned to the 
SUV around 4:21 a.m.

ID from video still.  A still image extracted from the surveillance footage was 
shown to John May and Cherry Williams, both of whom identified the person in 
the image as Evans.

SUV evidence.  SUV in the video was consistent with Evans’s Cadillac Escalade.
Firearm evidence. A firearm and extended magazine were recovered on July 13, 

2017, at West Rock Nature Center, followed by ballistic examination linking the 
firearm to the shooting.

Phone location.  On July 3, 2017, Evans’s phone connected to a cell tower near 
West Rock Ridge State Park, close to the location where the firearm connected to the 
crime was recovered.

5.  INDEPENDENT LINES OF EVIDENCE

As a first attempt, we can model this case with a Bayesian network that uses the 
five key pieces of evidence all at once: ID, SUV, firearm, phone and surveillance vid-
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eo evidence. Each of them links the defendant to the crime in its own way: via the 
phone location and recovery of the firearm in that location; similarity of the SUV 
in the surveillance video with defendant’s vehicle; and identification of the person 
in the video. The structure in Figure 7 illustrates the textbook case for aggregating 
independent items of evidence, all bearing on the same hypothesis.

G

EID EgunEvideo

ESUV
Ephone

Figure 7.  Simplest Bayesian network: ID, SUV, phone, firearm and video evidence are treated as 
conditionally independent indicators bearing on guilt.

Quantitatively, each piece of evidence can be paired with a measure of how 
strongly, on its own, it supports the guilt hypothesis, such as the likelihood ratio:

LR(Ei;G)=
P(Ei | G)

P(Ei | ¬G)

In this model, the combined strength of support of the five pieces of evidence in 
favor of the guilt hypothesis is the product of the individual likelihood ratios:
LR(Eid; G) · LR(Esuv; G) · LR(Ephone; G) · LR(Egun; G) · LR(Evideo; G)

Suppose that the ID, SUV, phone, firearm and video evidence have likelihood ra-
tios of 3, 5, 4, 2 and 2. The numbers are illustrative. Then, their combined likelihood 
ratio will be 3×5×4×2×2 = 240. To have a sense of the strength of such evidence, in 
the aggregate, a likelihood ratio of 240 would be able to turn a 1% initial probability 
of guilt (1-to-99 prior odds) into approximately 70% posterior probability of guilt 
(2.4-to-1 posterior odds)  5.

But there is a complication. Our model treats the evidence as a collection of inde-
pendent items all bearing on the guilt hypothesis, as if each were a standalone indica-
tor of guilt. In fact, the different pieces of evidence speak to different hypotheses. The 
phone evidence links the defendant to the crime by showing that the perpetrator dis-
posed of the weapon in the same area that the defendant visited. The video, ID and 
SUV evidence place the defendant outside a building at a certain time. The video 

5  The calculation uses the odds form of Bayes’ theorem: posterior odds = prior odds × likelihood 
ratio. A prior probability of 1% corresponds to prior odds 1/99. Multiplying by 240 gives posterior 
odds 240/99≈2.42. Converting odds back into probability gives 2.42/(1+2.42)≈71%.
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shows what the person outside the building did; the ID and SUV evidence connect 
the person in the video to the defendant. Thus, the model of multiple independent 
lines of evidence, each supporting guilt, is too simplistic.

6.  OPPORTUNITY → GUILT → DISPOSAL

To refine our model, I shall now distinguish between the opportunity hypothesis 
and the guilt hypothesis, and between the guilt hypothesis and disposal hypothesis. 
The opportunity hypothesis (OPP) is the claim that Evans was present near the 
crime scene around the time of the shooting. The guilt hypothesis (G) is the stronger 
claim that Evans committed the shooting. The surveillance video ID and the SUV 
evidence are naturally interpreted as evidence that Evans was in the relevant loca-
tion at the relevant time and thus had the opportunity to commit the crime. Evans’ 
guilt is supported through the further inference from OPP to G. We can represent 
this structure as a Bayesian network (Figure 8, right side) in which both evidentiary 
nodes support OPP, and OPP in turn supports G.

Next, we will add two other evidence nodes: the recovery of the firearm and 
the post crime phone location evidence. The two items of evidence support—how, 
exactly, needs to be seen—the intermediate proposition that Evans disposed of the 
weapon. So we can add a disposal node to the network, call it D. We can complete 
the model by drawing arrows from the disposal node to the evidence nodes, one for 
evidence about where the weapon was found and another for the phone location. 
The disposal hypothesis supports guilt via further inference.

GOPP D

EID EgunESUV
Ephone

Figure 8.  Bayesian network distinguishing guilt (G) from post-crime disposal of the firearm (D) 
and opportunity (OPP). The evidence of the recovered firearm and the phone-location evidence most 

naturally bear on disposal, which in turn supports guilt. The ID and SUV evidence, instead, most 
naturally bear on opportunity.

The new model (Figure 8) is more faithful to the evidential structure of the case 
than a flatter model in which each evidential item supports guilt. The new model 
makes explicit that the evidence does not bear on guilt in a simple one-step way. 
Instead, the evidence supports intermediate events, and these in turn support guilt. 
We have two independent evidential routes, one that goes through opportunity, and 
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another that goes through the disposal hypothesis. The contributions of each route 
add up. But how, exactly? The math here is more involved than before.

Let us start with the opportunity route. In the model, there are two independent 
lines of evidence bearing on the opportunity hypothesis, Eid and Esuv. (I’ll revisit this 
modeling assumption later.) By conditional independence, the likelihood ratio for 
the opportunity hypothesis is

LR(Eid, Esuv ;OPP)=
P(Eid|OPP)

·
P(Esuv|OPP)

P(Eid|¬OPP) P(Esvu|¬OPP)

The problem now is that we need to make a further inference from opportunity 
to guilt. The likelihood ratio relative to opportunity, based on the ID and SUV 
evidence, must be transferred to the guilt hypothesis. This is the formula we need  6:

LR(Eid, Esuv ;OPP)=
LR(Eid, Esuv ;OPP) P(OPP| G)+1 P(OPP| G)

LR(Eid, Esuv ;OPP) P(OPP| ¬G)+1 P(OPP| ¬G)

We can run a similar argument for the evidence supporting the disposal hypoth-
esis which in turn supports the guilt hypothesis. This is the other evidential route. In 
the model, there are two items of evidence bearing on the disposal hypothesis, Egun 
and Ephone. Again by conditional independence, the combined likelihood ratio for 
the disposal hypothesis is

LR(Egun, Ephone ;D)=
P(Egun|D)

·
P(Ephone|D)

P(Egun|¬D) P(Ephone|¬D)

As before, the likelihood ratio relative to the disposal hypothesis, based on gun 
and phone evidence, must also be transferred to the guilt hypothesis:

LR(Egun, Ephone ;G)=
LR(Egun, Ephone ;D) P(D|G) +1 - P(D|G)

LR(Egun, Ephone ;D) P(D|¬G) +1 - P(D|¬G)

So, evidence that more closely supports OPP must be translated into support 
for G through the opportunity-to-guilt route; evidence that more closely supports 
D must also be translated into support for G through the disposal-to-guilt route. 
As a rule of thumb, the inference toward guilt along each route is constrained by 

6  Let E = (Eid, Esuv).Assume that E bears on guilt G only through the opportunity proposition 
OPP. Then, by the law of total probability,

P(E |G)
=

P(E | OPP) P(OPP | G) + P(E | ¬OPP) P(¬OPP | G)

P(E |¬G) P(E | OPP) P(OPP | ¬G) + P(E | ¬OPP) P(¬OPP | ¬G)
Dividing numerator and denominator byP(E | ¬OPP) we obtain the formula.
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the weakest inferential link. In other words, the evidential force transmitted to G 
is bounded both by how strongly the evidence supports OPP and by how strongly 
OPP supports G. A weak link at either stage acts as a bottleneck. More formally,

LR(EID, ESUV;G) ≤ min {LR(EID, ESUV;OPP),
P(OPP | G) }P(OPP | ¬G

Similarly, along the route from disposal to guilt, the inference is constrained by 
the weakest inferential link:

LR(Egun, Ephone;G) ≤ min {LR(Egun, Ephone;D),
P(D | G) }P(D | ¬G

Finally, the overall likelihood ratio for the guilt hypothesis, based on all the evi-
dence we have, is the result of the following multiplication:

LR(EID, ESUV, Egun, Ephone;G) = LR(EID, ESUV, ;G) · LR(Egun, Ephone;G)

This holds because the items of evidence along each evidential route are condi-
tionally independent given the guilt hypothesis, or in other words, the opportuni-
ty-related evidence and disposal-related evidence each provide an independent route 
of support for guilt. So the support for G adds up across the two evidential routes 
and the relevant likelihood ratios multiply. But since each route is bounded by the 
weakest inferential link, when the two routes are aggregated, the overall strength of 
the inference is bounded by the product of the weakest links in each route. All in all, 
the total evidential force accumulate across independent evidential routes, but only 
after each route has been limited by its weakest inferential link.

7.  EVENT AND IDENTIFICATION INFERENCES

The model in the previous section, albeit an improvement on the earlier one, 
suffers from a number of problems. It incorporates four sources of evidence: SUV, 
ID, phone location and firearm evidence. But it leaves out a fifth, namely the content 
of the surveillance video. The video shows a dark SUV arriving near the apartment 
complex shortly before the shooting, a person exiting the SUV and walking toward 
the apartment complex, and that person returning shortly afterward. From the se-
quence, location and timing of events, we can infer that the person who engaged in 
the actions depicted in the video almost certainly committed the shooting. But, from 
a modeling standpoint, it is not clear where the video evidence should be placed in 
the inferential structure represented by the network. It does not bear in any natural 
way on the opportunity hypothesis, at least not if opportunity is understood as the 
proposition that Evans was near the crime scene. The video evidence, by itself, does 
not link Evans to the crime. It only links the person in the video to the shooter, but 
leaves open who that person may be.
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These observations also suggests that the model misrepresented the inferential 
role of the ID and SUV evidence. The model takes those items to be evidence for 
the opportunity hypothesis that Evans was near the crime scene. But, ID and SUV 
evidence do not independently support that hypothesis. Rather, they help identify 
the person in the video as Evans and the vehicle as his SUV. Only when that identi-
fication is combined with the content of the video can we infer that Evans was near 
the crime scene at the relevant time.

A third problem—related to the second—is that the proposed model misleading-
ly suggests that phone and firearm evidence, separately, support the disposal hypoth-
esis. In fact, one without the other would be irrelevant. The recovery of the firearm 
at the remote location does not by itself show who placed it there. Nor does the 
suspect’s phone being located near that site, by itself, establish involvement in the 
disposal of the firearm. Each item seems to derive much of its significance from the 
other. The firearm evidence makes the phone evidence probative because the suspect 
appears near the place where the crime weapon was found. The phone evidence 
makes the firearm evidence probative because the suspect appears at the place where 
the weapon was apparently discarded. The force of the evidence therefore arise from 
their fit within a narrative of post-crime disposal.

One way to diagnose what is going on is to distinguish two distinct inferential 
tasks, and possibly more. The first task is event reasoning: what happened, how, 
where and when? Here the aim is to determine the sequence of events in space and 
time. The video and firearm evidence address event reasoning. Someone approached 
the location, as shown in the video; the victim was killed; the firearm used in the 
crime was later disposed of in a remote location; and the recovered firearm is linked 
to the crime by forensic analysis. The second task is identity reasoning: who did it? 
Once the event sequence is fixed, the question becomes whether the defendant is the 
person who carried out those actions. The SUV and ID evidence address the identity 
question prior to the crime: who was the person around the crime scene? The phone 
location evidence, instead, addresses the identity question post-crime, specifically 
whether the defendant was the person who went to the disposal site  7.

If this analysis is right, a more adequate model should clearly distinguish hypoth-
eses about events from hypotheses about identity, and then combine the two. One 
way to proceed is to build two preliminary submodels (Figure 9). The event model 
will contain propositions such as: an individual approached the scene, killed the 
victim, and later disposed of the firearm at the remote location. The identity model 
would then ask whether that individual was the defendant. The central challenge is 
then to explain how these two submodels can be combined.

7  Tribe (1971) distinguishes between (1) evidence "directed to the occurrence or nonoccurrence of 
the event, act, or type of conduct on which the litigation is premised" and (2) evidence "directed to the 
identity of the individual responsible for a certain act or set of acts." (p. 1339)
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EID

EgunEvideo

Identity model

Event model

What happend?

Who did it?

ESUV Ephone

GOPP

OPPid Gid Did

D

Figure 9.  Two Bayesian networks with the same structure, OPP → G → D, but different 
interpretations. In the event model, the nodes represent propositions about the sequence of events: 
opportunity, commission of the crime, and later disposal of the firearm. In the identity model, the 
same nodes represent propositions about whether the defendant is the relevant actor at each stage.

8.  COMBINING THE TWO

In an attempt to build a unified model that does not confuse identity and event 
inferences, I will focus on three key nodes: opportunity, disposal and guilt.

8.1.  Opportunity

To fix some notation, let EID  and ESUV be the identification evidence that sup-
ports the proposition ID that the defendant is the person depicted in the video. Let 
Evideo be the evidence that supports the proposition N(v) that the person depicted in 
the video was near the crime scene at the relevant time. This way the opportunity hy-
pothesis has been disambiguated into two distinct hypotheses, one about the events 
(N(v)) and another about identity (ID). But the hypothesis we care about is N(d): 
that the defendant was near the crime scene. How should this be modeled?
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EID
ESUV

Ephone

G(d) D(d,l)

At(d,l)

D(x,l)

N(d)

N(v)

ID

EgunEvideo

Figure 10.  (Left) ID is the proposition that the defendant is the person depicted in the video; N(v) is 
the proposition that the person depicted in the video was near the crime scene. The opportunity proposition 

N(d) is modeled as depending on ID and Nv. (Right) D(x, l)  is the proposition that a person x  
disposed of the firearm at location l; At(d, l)  is the proposition that the defendant  d was at location l . 
The dashed arrows indicate analytical dependencies. The dashed lines indicate unspecified dependencies. 

The simplest approach is to think of it as a conjunction:
N(d) ≔ ID ⋀ N(v)

But this reading cannot be right. Although the conjunction of the two proposi-
tions on the right entails that the defendant was near the crime scene, the converse 
does not follow. If the defendant was near the crime scene, it does not necessarily 
follow that he was the person in the video. The defendant might have been near the 
crime scene in some other way, independently of the events depicted in the surveil-
lance footage. In addition, if N(d) were a mere conjunction of the other two hypoth-
eses, each item of evidence would behave as though it could make an independent 
contribution toward supporting N(d)  8. But, on its own, neither item is probative of 

8  Assume that EID supports ID, so that
P(ID |EID) > P(ID)
Does EID also support N(d)? Since
P(N(d) | EID) = P(ID ⋀ N(v) | EID) = P(ID | EID) P(N(v) |ID)
By definition
P(N(d))= P(ID) P(N(v) | ID)
The question is whether
P(ID | EID) P(N(v) | ID) > P(ID) P(N(v) | ID)
The inequality holds assuming P(ID | EID) > P(ID) unless P(N(v) | ID) = 0.
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the defendant’s presence near the scene. As noted before, their evidential force arises 
only when they are considered together  9.

Here is a better interpretation of the opportunity hypothesis and the inference 
that supports it. The video evidence supports the proposition that the person shown 
in the video was near the crime scene (N(v)), while the identification evidence sup-
ports the proposition that the person shown in the video is the defendant. To make 
fully transparent the identification between the person v in the video and the defend-
ant d, let us denote this proposition by d = v instead of the more generic ID. The 
inference in question that leads to N(d) looks like this:

N(v)      d=v
N(d)

The inference is deductive: once N(v) and d = v are accepted, N(d) follows by 
substituting co-referring expressions. How does this pattern of inference fit into a 
standard Bayesian network?

One possible response is to hard code the inference into the conditional proba-
bility table for node N(d) representing the hypothesis that the defendant was near 
the crime scene. The node will have two parents: N(v) and v=d or ID (Figure 10, left 
side). The probability table could then be specified as follows:

N(v) v = d P(N(d) = 1| N(v), v = d)
1 1 1
0 1 q
1 0 p
0 0 p

The first row is key. It captures the deductive inference we are after: if the person 
in the video was near the crime scene, and if that person was the defendant, then the 
defendant was near the crime scene. In that case, N(d) follows with probability 1. 
The remaining rows assign baseline probabilities p or q  10.

9  This problem can perhaps be deflected by noting that the evidential support will often be limited. 
Suppose P(ID) = 1/1 000 000 = 10-6  since 1 million people (or whatever the number) could have 
been in the video, and similarly P(N(v)) = 10-6 since the video could depict events in many possible 
locations. Assuming probabilistic independence, P(ID ⋀ N(v)) = 10-12. If the identification evidence 
EID makes ID almost certain, say P(ID | EID) = .99, then

P(N(v) ⋀ ID | EID) ≈ P(ID | EID) P(N(v)) = .99 × 10-6 ≈ 10-6

The probability increase is significant in relative term, but still tiny in absolute. A similar point 
applies for the video evidence and proposition (N(v)).

10  The second and third rows reflect the idea that, if the person in the video was not the defendant, 
then facts about the person in the video do not by themselves support or oppose the proposition that 
the defendant was near the crime scene.
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This construction shows that the substitution inference can be represented in a 
Bayesian network by the appropriate assignment of values in the conditional prob-
ability table. The limitation, however, is that the model does not fully express the 
pattern of inference involved. The underlying reasoning relies on coreference: from 
N(x) and x = d, infer N(d), for any x. A standard (propositional) Bayesian network 
can encode an instance of the pattern of inference, not the general pattern.

8.2.  Disposal

Another modeling challenge arises for the disposal hypothesis. To start, the fire-
arm evidence Egun supports the proposition that someone disposed of a firearm at a 
definite location. Ballistic evidence—which we have not separately modeled—sup-
ports the claim that the firearm recovered at that location was the firearm used in the 
shooting. So, the firearm evidence support the claim—call it D(x,l) —that someone 
disposed of the firearm at that specific location. Who did it? The phone location ev-
idence  Ephone supports the proposition that the defendant was at that same location, 
call it At(d,l). Given that the location is the same, these propositions—taken togeth-
er, not independently—support the conclusion D(d,l) that it was the defendant who 
disposed of the firearm at that location.

As with the inference about opportunity, the conclusion D(d,l) that the defend-
ant disposed of the firearm at that location cannot be modeled as a conjunction 
of the other two propositions D(x,l) and At(d,l). The inference about the disposal 
hypothesis can be formalized, as follows:

∃xD(x, l)  At(d, l)  ¬Defeater
D(d, l)

The inference is defeasible because the defendant’s presence at l does not deduc-
tively establish that he was the person who disposed of the firearm there, although 
the identity of the locations makes it somewhat likely.

How does this pattern of inference fit into a standard Bayesian network? The 
proposition D(d, l) that the defendant disposed of the firearm at location l is an 
explanatory hypothesis. If true, it would make sense of the truth of two otherwise 
separate intermediate hypotheses: first, that the firearm was disposed of at location 
l, and second, that the defendant was at that location. So the most natural option 
is to assign a node for hypothesis D(d, l) with two outgoing arrows pointing to two 
nodes, one for ∃xD(x, l) and another for At(d, l) (Figure 10, right side). This rep-
resentation is natural since those hypotheses are two consequences of D(d, l). The 
following conditional probability tables capture the relationships:
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D(d, l) P(At(d, l) = 1 | D(d, l))
1 1
0 p

D(d, l) P(d(x, l) = 1 | D(d, l))
1 1
0 q

The first row of each table captures the relevant implication. The second row 
in each table is a baseline value. If the defendant did not dispose of the weapon at 
the location, it does not follow that he was not there or that no one disposed of the 
weapon there. The defendant may have been there for some other reason or someone 
else may have disposed of the weapon.

This representation does the trick, but again it has a limitation. The probability 
tables do not explicitly encode the preservation of the same location l across proposi-
tions. As with the video and identification inference, the network can hard code the 
inference, but does not fully capture the general pattern of reasoning.

8.3.  Guilt

A further challenge arises from connecting the opportunity and disposal hy-
potheses—which we have split into identity- and event-level sub-hypotheses—to 
the guilt hypothesis. It is helpful to distinguish two inferential routes here. First, 
recall that the video, ID and SUV evidence, together, place the defendant near the 
crime scene at the relevant time. At the event level, the video evidence supports the 
further claim that whoever was near the crime scene at that time was very likely the 
perpetrator. The timing and proximate location are doing much of the work here. 
The video evidence seems to bear not just on the proposition that someone was near 
the crime scene, but on the strength of the inference from being near the crime scene 
to committing the crime. Stated more formally, the first inferential route toward the 
defendant’s guilt is as follows:

N(x)⟹G(x) N(d)
G(d)

In other words, whoever was near the crime scene at the relevant time was likely 
the perpetrator, and the defendant was near the crime scene at the relevant time; 
therefore, the defendant was likely the perpetrator  11.

11  The arrow⟹ is meant to signal the defeasible relation between antecedent N(x)  and consequent 
G(x). Another approach would use a a conditional probability statement, such as P(G(x) | N(x)), and 
assign it a reasonably high value.
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The second inference toward guilt goes through the disposal route. The phone lo-
cation evidence links the defendant to the location where the firearm was recovered. 
The ballistics evidence establishes that the recovered firearm was the firearm used in 
the shooting. That fact supports a bridge from disposal to guilt: whoever later dis-
posed of that firearm was likely the shooter. Stated more formally,

D(x,l)⟹G(x) D(d,l)
G(d)

The two routes converge on the same conclusion. One moves from the defend-
ant’s presence near the crime scene to guilt; the other from the defendant’s presence 
at the location where the firearm was disposed of to guilt.

As before, we could hard code these inferences in a Bayesian network by adding 
suitable conditional probability tables. But that move would require assigning a de-
feasible conditional statement to a node in the network. In principle, this is possible: 
a node can stand for any proposition, however complex. But the cost is that the 
structure of the inference can no longer be read off the network.

A related oddity concerns the video evidence and the ballistics evidence, which 
was not formally modeled. These items of evidence appear to support a relation be-
tween propositions, rather than simply the truth of a single proposition. The video 
evidence supports the inference from someone’s being near the crime scene at the 
relevant time to that person’s being the shooter. The ballistics evidence supports the 
inference from someone’s disposing of the firearm to that same person’s having com-
mitted the shooting. In standard propositional Bayesian networks, however, nodes 
usually represent atomic propositions or events, while inferential relations among 
propositions are represented through the graph structure and the conditional proba-
bility tables. So evidence that bears on the strength of an inferential connection does 
not have an obvious place in the model  12.

9.  CONCLUSION

If the analysis in the previous section is on the right track, the expressive limita-
tion I have identified is not with probability theory as such. The problem lies instead 
with the expressive resources of standard, propositional Bayesian networks. Their 
nodes normally stand for atomic propositions, but some legally important inferences 
have a richer logical structure. The inference about opportunity, for example, de-
pends on identity: if v = d, then predicates true of v may be transferred to d. Other 

12  It is in principle possible to add further nodes so that the inferential relation is reified as another 
proposition. The model can then become formally workable, but such a move would obscure the fact 
that the evidence is about an inference from one proposition to another.
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inferences depend on conditional claims, such as the claim that whoever was near the 
crime scene at the relevant time was the shooter. As we have seen, a standard, prop-
ositional Bayesian network can approximate such inferences by hard coding the rele-
vant relationships into conditional probability tables. But that is only a workaround. 
Although it is workable in simple cases, one wonders whether this approach breaks 
down as the legal case to be modeled grows more complex.

A better option would be to rely on a formal framework with greater expres-
sive power. If probability could be combined with a first-order language—made of 
variables, predicates, conditionals, and identity—then many of the problematic in-
ferences we have examined could be represented more directly. Instead of treating 
v = d,  N(v), and N(d) as separate propositional nodes connected by an ad hoc table, 
the model could represent the general identity principle that, if two terms co-refer, 
predicates true of one are true of the other. Many evidential inferences in legal cases 
concern people, objects, locations, and events whose identities are uncertain. A sat-
isfactory model should be able to represent inferences as to whether the person in a 
video is the defendant; whether the firearm recovered at one location is the firearm 
used in the shooting; whether the person who disposed of the firearm is the same 
person who appeared near the crime scene; and so on.

The challenge, then, is how probability should be combined with a first-order 
language. To be sure, there is already a body of work in this direction. Multi Entity 
Bayesian Networks (MEBNs), for example, were developed as a first-order language 
for probabilistic reasoning (Laskey, 2008). But MEBNs were not developed for legal 
applications, so the feasibility of using them to model legal evidence deserves further 
examination. That is a task for another time.
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