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Abstract
Bayesian networks can be used to model evidential reasoning in criminal cases. A key challenge is that the
probabilities in such networks are often subjective, as they concern past events for which no empirical data
is available. Even when local probability estimates seem reasonable, the resulting joint distribution may have
implications that are out of line with modelers’ expectations. Identifying a misalignment between the modeler’s
intuition and the model output is the first step towards identifying whether this is due to probabilistic fallacies by
the modeler, or a mistake when constructing the model. We apply three methods for evaluating such distributions
to a Bayesian network of a real case: computing individual likelihood ratios, tracking cumulative posterior
probabilities, and calculating posteriors for all relevant evidence combinations. The three methods operate at
different levels of abstraction and each method identifies problems in the Bayesian network of the case. We argue
these methods form a useful step in an iterative design cycle for constructing subjective legal Bayesian networks.
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1. Introduction

In order to come to a justified conclusion in a criminal court case and prevent miscarriages of justice,
correct evidential reasoning is essential. Various approaches exist that allow for a formal representation
of evidential reasoning [1]. One such approach that has emerged is scenario reasoning in Bayesian
networks [2, 3, 4].

This approach combines two more fundamental approaches for reasoning about legal evidence,
scenario reasoning [5, 6, 7, 8] and probabilistic reasoning [9, 10, 11]. In the scenario approach, multiple
alternative narratives are put forward to explain the evidence that was found in a case. The scenarios
are assessed based on their coherence, completeness and plausibility. By considering more than one
scenario, fact-finders use one or more innocent scenarios to explain the evidence, rather than focusing
only on how the evidence fits with the guilt scenario, thereby avoiding tunnel vision. However, the
scenario approach does not prescribe how evidence should be weighted with respect to the question of
guilt, especially when evidence is dependent or contradictory.

The probabilistic approach by itself cannot tell the modeler what relevant variables to consider
and what evidence to collect in the real world. However, once the relevant variables are known, the
probabilistic approach can tell a modeler how evidence should be weighted and combined, given that
probability assessments have been made.

In a probabilistic framework, supporting evidence (𝑒) makes a hypothesis (Pr(ℎ ∣ 𝑒)) more probable
than before the evidence was provided, and attacking evidence makes a hypothesis less probable than
before, with reference to a contrasting hypothesis ¬ℎ. This property of evidence can be expressed using
the likelihood ratio (LR): Pr(𝑒∣ℎ)

Pr(𝑒∣¬ℎ) . When Pr(𝑒∣ℎ)
Pr(𝑒∣¬ℎ) = 1, the evidence 𝑒 does not distinguish between ℎ and
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¬ℎ, when Pr(𝑒∣ℎ)
Pr(𝑒∣¬ℎ) > 1, evidence 𝑒 supports ℎ over ¬ℎ and when Pr(𝑒∣ℎ)

Pr(𝑒∣¬ℎ) < 1, 𝑒 supports ¬ℎ over ℎ, or,
attacks ℎ.

The likelihood ratio is a clear probabilistic interpretation of evidence strength. For individual pieces
of forensic evidence, such as DNA analysis [10], the LR is well-understood and often reported. However,
reasoning about the evidence for a scenario or multiple alternative scenarios, requires reasoning beyond
a single source or activity level hypothesis: it requires taking known dependencies into account, with
combinations of multiple (sub-)hypotheses.

Bayesian networks provide a natural framework for integrating scenario-based and probabilistic
approaches to evidential reasoning. A Bayesian network is a compact graph representation of a joint
probability distribution over a set of relevant variables [12, 13]. Bayesian networks are more appropriate
for modeling scenarios than performing probability calculations by hand due to the number of elements
in a scenario.

Bayesian networks have been used to model the weight of evidence in different criminal cases [14,
15, 3, 16, 17]. There is no standard method for modeling entire criminal cases in Bayesian networks,
though various methods have been proposed [18, 19]. These methods mainly focus on selecting the
relevant variables and constructing the graph of the Bayesian network. One open problem is that for
these large networks, many probabilities need to be entered into the network. Of these probabilities,
few can be obtained from empirical data1 as they concern unique, hypothesized past events, collected
into scenarios. Consequently, many probabilities in the network must be estimated directly by modelers
rather than estimated empirically, before they can be entered into the conditional probability tables
(CPTs). The resulting joint distribution therefore reflects the subjective judgments of the modeler.

However, it is a large step from the local conditional probabilities in conditional probability tables to
the resulting joint probability distribution. Even when every local probability estimate seems reasonable
to a modeler, the resulting distribution, which emerges from these individual conditional probabilities
via the probability calculus, might have implications that are out of line with the expectations of the
modeler. Evaluating the joint probability distribution of the network as a whole might expose modeling
flaws. To our knowledge, no systematic evaluation approach exists for these types of subjective Bayesian
networks in a legal context, specifically on evaluating the joint probability distributions, rather than on
their graph structure.

In this paper, we first present a Bayesian network graph that was constructed based on two inde-
pendently modeled Bayesian networks of a specific case [17]. The probabilities for this new Bayesian
network were estimated in collaboration by the two modelers.

We then evaluate the joint distribution of this Bayesian network in three different ways. First,
we calculate the likelihood of evidence with respect to the hypothesis of guilt. Second, we calculate
how evidence that was actually found in the case affects the posterior probability of guilt. Third, we
calculate the posterior probability of guilt across all combinations of relevant evidence. For each of
these calculations, we evaluate whether a misalignment indicates a modeling flaw or an error in a
modeler’s intuition. We conclude that these three methods together form a useful evaluation step in an
iterative design cycle for legal Bayesian networks.

2. State of the art

Bayesian networks (BNs) are a way of representing how one should reason under uncertainty. A BN
⟨𝑉 , 𝐸, Pr⟩ is a directed acyclic graph (DAG) ⟨𝑉 , 𝐸⟩ consisting of a set of random variables 𝑉 = {𝑉1, ..., 𝑉𝑛},
the set 𝐸 of directed edges 𝐸 ⊂ 𝑉 × 𝑉 [12, 13]. These edges encode the independence relation between
the variables 𝑉, and Pr is the joint probability distribution defined over those variables 𝑉. A variable is
only conditioned on its parents in the graph, Pr(𝑉1 ∣ 𝜋(𝑉1)). This means that, given the independence
relation is correctly represented, the probability distribution Pr(𝑉 ) can be encoded compactly in the
graph. The conditioning of the variable on its parents is done locally in its conditional probability tables
(CPTs), where parameters are entered that represent the conditional probability distributions of the
1Even if based on empirical data, we would still need to overcome the problem of the reference class, [20].
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child for each combination of parent values. This way, the joint distribution is uniquely defined as
Pr(𝑉1, ..., 𝑉𝑛) = Π𝑛

𝑖=1 Pr(𝑉𝑖 ∣ 𝜋(𝑉𝑖)) and we can calculate prior distributions and condition on evidence to
find posterior distributions.

Prior research has focused on how to construct larger networks from smaller building blocks called
idioms [18]. These idioms are often quite abstract: a graph structure combined with a textual description,
sometimes with constraints on the CPTs [21]. Idioms can be combined with each other, resulting in
large-scale Bayesian networks. While we can often verify the behavior of simple idioms by putting in
reasonable numbers in the CPTs and checking whether the posteriors predicted are aligned with either
known frequencies or our intuitions, verifying and evaluating the correct behavior of larger-scale BNs
that represent whole cases is an open problem. Methods exist for investigating parameter choices and
evidential impact in Bayesian networks [22, 23]. However, these methods do not address whether the
joint distribution that emerges from subjective CPT parameters is aligned with the expectations and
intuitions of the modelers.

3. Method

In this section we first describe the modeled case and present the Bayesian network. Then we describe
our three methods of evaluation.

3.1. Case study

The modeled case is inspired by a real criminal case. The whole verdict can be found online. 2 Essentially,
the defendant is accused of robbing a supermarket. On the night of the robbery, the offender drove
to the supermarket and parked his car, got out, ran to the supermarket with his face covered. In the
supermarket, he threatened the cashiers and other witnesses with a gun, before forcing open the register,
taking the cash, and running back to his car.

The prosecution offers several pieces of evidence that support the scenario of the defendant being
the offender: his phone pinged near the crime scene, the car in his driveway is similar to the car in the
CCTV footage, as determined by a forensic expert as well as a witness (W2), he matches the general
description that the witnesses (P1, P2, W1) gave, and his gun showed some similarities to the gun used
in the robbery. Additionally, his gait and movement were similar to the gait and movement of the
offender, and a witness (W1) in the store recognized him post-hoc as her ex-partner.

As counterevidence, the defense provided that one of the witnesses claimed that the offender has a
neck tattoo, which the defendant does not have. Additionally, the defendant’s car is common, hence a
match is not unexpected. Furthermore, all witnesses claim that the gun used in the robbery was silver,
yet the defendant’s gun is gold. Finally, there is the testimony from the defendant himself that states
that he is innocent, and that night, he was at home and then went to work, as confirmed by his phone
location.

The summary of the verdict states “A large number of facts and circumstances point towards the
defendant as the offender. Individually, not all of these facts and circumstances carry significant
probative value”. 3 Combining the pieces of evidence coherently makes modeling this case a challenge.
We model the evidence in a Bayesian network (Figure 1). The network has 51 nodes in total, with 67
edges. There are 23 evidence nodes in total, 13 nodes representing hypotheses and 15 reliability nodes.
In this paper, rather than explaining the construction of the network, we focus on the evaluation of the
joint distribution expressed by the network by looking at the following three calculations.

3.2. Calculating Individual Likelihood Ratios

We set the hypothesis node for guilt to true, and then, for each evidence node 𝐸, note the value of
𝐸 = true. This is the conditional probability Pr(𝑒 ∣ 𝑔𝑢𝑖𝑙𝑡). Then we do the same, but we set guilt to false,
2https://uitspraken.rechtspraak.nl/details?id=ECLI:NL:GHARL:2025:3013
3Translated from https://uitspraken.rechtspraak.nl/details?id=ECLI:NL:GHARL:2025:3013
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Evidence LR Favors Verbal expression Aligns?

phone signal work 0.23 Defendant slightly more probable Yes
defendant of good character 0.809 Defendant slightly more probable Yes
testimony defendant 0.90 Defendant slightly more probable Yes
testimony P1 tattoo 0.96 Defendant slightly more probable No
testimony P2 no tattoo 1 equally probable No
video CCTV no tattoo 1 equally probable No
gun (combined) 1 equally probable No
testimony W1 accent 6 Prosecution slightly more probable Yes
vehicle brand 7 Prosecution slightly more probable Yes
movement 8 Prosecution slightly more probable Yes
testimony characteristics grouped 9 Prosecution slightly more probable Yes
video CCTV offender returning to car 10 Prosecution slightly more probable Yes
vehicle specific characteristics 12 Prosecution more probable Yes
testimony W2 car 14 Prosecution more probable Yes
phone signal crime scene 14 Prosecution more probable Yes
gait 90 Prosecution more probable Yes
testimony W1 identity 141 Prosecution much more probable No

Table 1
Ordered likelihoods for positive evidence (LR+) per evidence set, considered independently from each other,
for 16 nodes, with one line in the table representing the combined strength of the gun evidence (6 nodes
grouped together). Verbal expressions were translated from https://www.forensischinstituut.nl/vakbijlage/
waarschijnlijkheidstermen

resulting in Pr(𝑒 ∣ ¬𝑔𝑢𝑖𝑙𝑡). We then calculate the likelihood ratio of each individual piece of evidence 𝑒:
Pr(𝑒∣𝑔𝑢𝑖𝑙𝑡)
Pr(𝑒∣¬𝑔𝑢𝑖𝑙𝑡) . This reflects the strength of each individual piece of evidence, which we can use to assess
whether this strength aligns with our expectations as modelers.

3.3. Calculating Cumulative Posterior Probabilities of Found Evidence

We cumulatively set the evidence in the network to the values that were found in the real case. Based
on the temporal ordering in which the evidence was found in the real case, we calculate the posterior
probability Pr(𝑔𝑢𝑖𝑙𝑡 ∣ 𝑒) for every added piece of evidence. This allows us to follow how the posterior
evolves as evidence accumulates, and to assess the combined effect of all evidence found in the case.

3.4. Calculating the Posterior Probability of Guilt Across All Combinations of
Relevant Evidence

Each evidence node has two outcomes, either true or false. We enumerate all 2𝑛 possible combinations
of evidence node values, ranging from all nodes set to true to all nodes set to false. For each of these
evidence combinations, we calculate the posterior probability of guilt. This reveals how the posterior
probability responds to different evidence configurations, not only the evidence that was found in this
specific case. Finally, we map the values of true and false in the outcomes to favors prosecution vs favors
defense, depending on the meaning of the node. This altogether allows us to see the effect of the number
of favorable pieces of evidence on the posterior. Note that since we have a binary mapping, 0 pieces of
evidence that favor the prosecution means 16 pieces of evidence that favor the defense.

4. Results

In this section we present the results of our three evaluation methods.
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4.1. Calculating Individual Likelihood Ratios

We present the likelihood ratios of each of the individual pieces of evidence in Table 1. Our analysis
reveals evidence strength for individual pieces of evidence ranging from slightly more probable favoring
the defendant tomuch more probable favoring the prosecution. The four pieces of evidence that favor the
defendant are all relatively weak (0.23-0.96), while the 10 pieces of evidence that favor the prosecution
range from being relatively weak (6) to stronger (LR=141). Three pieces of evidence have a likelihood
of 1.

As stated in the summary of the verdict, individual pieces of evidence have limited evidential strength.
This is reflected in the LR assessments of these pieces of evidence. However, there are several LRs that
were not aligned with our expectations:

First, the gun evidence has an LR of 1. During the construction phase, both modelers expressed doubt
about how to model this aspect of the case, where the defendant’s gun is possibly matched with the
gun at the crime scene, and this gun-match is in turn evidence for the defendant committing the crime.
In the resulting BN, since the LR is 1, this evidence has no effect on the posterior. Intuitively, finding a
matching gun and the contradicting witness testimonies about its color should affect the posterior.

The testimony of witness 1 carries disproportionate weight. This witness first testified that she
recognized the accent of the offender. After she heard who the defendant was, she suddenly recognized
her ex-partner. This evidence has the highest LR of all in this network, yet this recollection should
intuitively carry less weight.

Finally, the tattoo evidence does not affect the posterior. If we believe witness P1, the defendant
could not have been the offender, pointing strongly in favor of the defense. Yet, the LR is close to 1.
The other two pieces of evidence related to the tattoo also have LRs of 1.

Hence, using this method we have identified 5 pieces of evidence whose strengths are misaligned
with the intuition of the modelers.

4.2. Calculating Cumulative Posterior Probabilities of Found Evidence

We present the cumulative posterior probability of guilt in Figure 2. We add evidence in the chronological
order that we find during the case: first the witness testimonies, then the CCTV footage of the movement
and gait of the defendant, as well as the car, then the evidence offered by the defense. We end with the
identification evidence of W1.

We start with a prior probability of 0.0001, which is based on a rough estimate of an opportunity
prior [24] of gun-owning men in the area. Adding the initial evidence makes the posterior of guilt
for the defendant larger, but not larger than 0.01. We see that the tattoo and gun evidence do not
affect our posterior. Then, the gait evidence causes a large jump in the posterior of guilt, towards 0.32.
Other evidence from the prosecution raises the posterior to a lesser degree, but altogether to 0.94. The
evidence of the defense lowers the posterior probability again towards 0.78, and finally the evidence of
the first witness causes the posterior probability of guilt to be 0.998.

The evaluation method of cumulative evidence tells us, like in the LRmethod, that in the next iteration
of the Bayesian network we should reconsider the tattoo and the gun evidence, as these do not affect
the posterior of guilt as we would expect. The rest of the evidence behaves in a way that aligns with our
expectations: evidence weakly favoring the defendant lowers the posterior and vice versa. However,
the ultimate hypothesis of guilt, which nears 1, might be overestimated.

In considering the cumulative evidence, we can see the impact of dependencies between evidence
that was not visible in the LR approach. For example, finding the matching vehicle brand (LR=8) causes
the posterior of guilt to jump from 0.73 to 0.87. However, when the other car evidence is added, the
specific vehicle characteristics (LR=12) and the testimony of W2 about the car (LR=14), the posterior
probability increases only to 0.89. When we change the order in which the evidence is added, the
same effect occurs: the most change in posterior is caused by the first evidence that is added. Since
these pieces of evidence are dependent in the network via the car evidence, this effect is not surprising.
However, it does show the risk of only using the likelihood ratio to assess individual evidence strengths.

72



Figure 2: Posterior probability of guilt given cumulative evidence. Note the log-scale on the 𝑦-axis, in order to
show the value of the prior.

In the context of the network, the combined evidential strength might be lower than when the pieces
are considered individually.

4.3. Calculating the Posterior Probability of Guilt Across All Combinations of
Relevant Evidence

We exclude the gun evidence from these calculations since its LR is 1. This reduces the computational
complexity, resulting in 16 pieces of evidence in total.

We plot, for each number of evidence nodes set in favor of the prosecution, the distribution of
posterior probabilities that are found. For 0 or 16 favorable evidence pieces, there is only one possible
combination, yielding a single datapoint. For 1 or 15 favorable evidence pieces, there are 16 datapoints,
and so on.

In Figure 3, we see that the Bayesian network represents a range of different posterior probabilities
of guilt (from 0 to 1) for given evidence sets.

When there are fewer than 6 pieces of evidence in favor of the prosecution, the posterior probability
is always near 0. When there are 6 favorable pieces of evidence, the maximum posterior probability
that can be found is around 0.5. When we have between 7 and 12 favorable pieces of evidence, the
posteriors take on a range: here it depends, for some combinations of evidence the posterior of guilt is
near 1, while for others the posterior is near 0, and everywhere in between. We see a slight bimodal
distribution in the plot at this range. When 13 pieces of evidence are favorable to the prosecution, the
posteriors cluster around 1 but it is still possible that the probability is as low as 0.2. From 14 pieces of
evidence onward, all posteriors are above 0.8 at least.

From this plot we see that the network is able to represent both innocent and guilty posteriors for
the defendant, depending on the evidence that is found. We can see that we cannot deem the defendant
guilty when there are too few pieces of evidence that support guilt: so even one very strong piece
of evidence would not be enough to convict if the other pieces of evidence point towards innocence.
From this plot we see that at least 7 pieces of prosecution-favoring evidence are needed to get to a high
posterior probability of guilt. However, not any arbitrary 7 evidence pieces. In this way, the network
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Figure 3: The effect of the number of evidence nodes set in favor of the prosecution on the posterior probability

does represent the burden of proof.
We further investigate which evidence combinations are sufficient for the network to predict a

high posterior probability of guilt. We find that there are two sufficient evidence sets of 6 pieces of
evidence for which, when they are true, the probability of guilt is at least 0.5. These are: (gait, testimony
characteristics grouped, movement, testimony W1 identity, phone signal crime scene, testimony W1 accent)
and (gait, testimony characteristics grouped, movement, testimony W1 identity, phone signal crime scene,
¬ phone signal work). 4

Interestingly, these are not the 6 most prosecution-favored pieces of evidence according to the LRs
in Table 1. For instance, no car matching evidence is included (LRs 14, 12), even though movement
(LR=8) is. This suggests that the independence relation in the Bayesian network causes these pieces of
evidence to be less important than their LRs alone would suggest.

According to the network, if these combinations of evidence are set, there is no other evidence that
we can set in the network such that the posterior probability of guilt drops below 0.5. However, both
these sets of evidence seem too weak for such a high posterior probability of guilt. If it turns out that
the defendant’s car does not match the car at the crime scene, and that one witness saw a tattoo on the
offender, with no conflicting evidence, the posterior probability of guilt would still be at least 0.5, yet
this conflicts with our intuition. Therefore, in the next iteration of the network, we need to make these
pieces of evidence weigh more strongly towards an innocent defendant.

5. Discussion

We present a Bayesian network model of a criminal case and evaluate the joint probability distribution
that it implies. We evaluate it from three different perspectives: 1) the likelihood ratios of individual
pieces of evidence, independent of each other, 2) a comparison of how the posterior probability changes
cumulatively when evidence is set and 3) the posterior probability of guilt under different evidence
valuations.

When using the likelihood ratio method of evaluating the joint probability distribution of the BN, we
find that the gun evidence is underestimated, the testimony of witness 1 is overestimated, and the tattoo
evidence is both under and overestimated, depending on the specific piece. This method of evaluation

4Analysis code and Bayesian network will be made available.
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makes visible where the LRs in the BN are misaligned with our estimations of the evidence and hence
is a useful method for evaluating the joint distribution of the BN.

The cumulative evidence showed us how the posterior changes under the evidence that we found in
this specific case. The total collection of evidence found in the actual case is enough to get to a high
posterior probability of guilt, while taking dependencies between pieces of evidence into account in a
way that the LR method neglects.

Calculating the posterior probability of guilt across all combinations of relevant evidence gives us
a holistic perspective on the distribution presented by the Bayesian network. No individual piece of
evidence is strong enough to reach a high probability of guilt. We also found that it is not enough to
count the number of favorable or unfavorable evidence pieces: finding 13 pieces of favorable evidence
can result in a posterior of 0.2, under some evidence combinations. However, if one finds the right 6
evidence pieces, the probability of guilt is always higher than 0.5.

The three methods of evaluation complement each other by operating at different levels of abstraction.
The LR method gives a direct, interpretable assessment of individual evidence strength, but is blind to
dependencies between evidence nodes. The cumulative evidence method makes those dependencies
visible, but only for the specific evidence that was actually found in this case. The effect of evaluating all
evidence combinations captures the full range of what the network can express, but loses the narrative
thread of the case. In our evaluation, all three methods converged on the same problematic evidence:
the gun, tattoo and W1 testimony. This strengthens our confidence that these are genuine modeling
flaws rather than artifacts of any single method. The method of calculating guilt across all combinations
of relevant evidence revealed that the car match evidence was weaker than we would expect. This was
not revealed by the other methods.

5.1. Limitations and Future Research

In the original network, many reliability nodes are present. These nodes are useful in considering
different perspectives on the same evidence. However, at scale they make a network difficult to evaluate
due to the increased complexity. Therefore, in this case we never set evidence on the reliability nodes
and they are summed out in the calculations. However, instantiating reliability nodes could affect the
dependency relations in the graph, depending on its d-separation properties. Including the reliability
nodes in the evaluation would be valuable as it would allow us to reason about different possible
standpoints: for example, the weight of W1’s testimony is very different depending on her reliability.
This will be left to future work.

Additionally, we evaluated the methods only on a single Bayesian network on a single case. If
these methods are to be used, they should be evaluated and validated on a range of different Bayesian
networks: from simple idioms to larger scale networks.

In the case of the individual LR method, we now consider each piece of evidence separately. This
does not allow us to look at how probabilistic dependencies between variables have been modeled.

In the cumulative evidence method, we add evidence in a way that is aligned with the time at which
the evidence was discovered. However, this is somewhat misleading, because at the time of the first
testimony, no defendant was identified yet. Therefore, we could not meaningfully talk about the
probability of guilt for this defendant. Additionally, in a timeline of an investigation, evidence can be
discovered based on evidence that you already have. In a Bayesian network, no new evidence can be
uncovered. Instead, this is a post-hoc representation of how a posterior changes over time.

In the combination of relevant evidence method, the posterior of guilt seems to be divided in a
bimodal way for evidence combinations between 8 and 12 prosecution-favorable pieces. That is, there
seem to be combinations for which the posterior approaches 1, and combinations for which the posterior
approaches 0. In future work we would like to analyze this in a more fine-grained way. This is also the
least scalable method with regards to complexity.

These evaluation tools can only evaluate relative to our modeler’s intuition. For example, even
though the LRs for some pieces of evidence correspond to the modelers’ intuition, we do not know if
this correlates with the judges’ estimation of the strength of this evidence in the actual case, or with
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objective frequencies, insofar as they exist. Therefore, these evaluation methods should be seen as
a diagnostic tool for improving a subjective Bayesian network, rather than a method for validating
a Bayesian network against an empirical joint probability distribution in the real world, that we do
not have access to. Integrating other perspectives, for example, with independent auditors, forensic
advisors, or other experts, is necessary for justifiable legal reasoning.

There is the possibility to combine the different evaluation tools: one could combine the LR approach
with the cumulative evidence approach, to discover the LR of a single piece of evidence conditioned on
all evidence that was found before. This will be explored in further research.

In these evaluation tools, we contrasted the model’s output with the intuition of the modelers. When
these diverged, we took the side of the modeler’s global intuition and deemed that the model was wrong
in some way. However, the model always draws probabilistically correct conclusions from the local
probabilities. From this, we assumed that the modeler made a mistake in filling out the CPTs. However,
it might instead be the case that the modeler’s intuition of the evidence strength at the global level is
wrong. It is known that people have cognitive biases when reasoning probabilistically [25, 26, 27]. The
extent to which modeler’s intuition can diverge from model output and whether this is caused by a
cognitive fallacy or a modeling mistake is to be explored in future research.

5.2. Conclusion

The three evaluation methods identify specific pieces of evidence that should be reconsidered in order
to create a Bayesian network that is more aligned with the intuitions of the modelers. We showed
that three evaluation steps could be part of an iterative design cycle towards constructing subjective
Bayesian networks for modeling evidential reasoning.

Declaration on Generative AI

During the preparation of this work, the authors used Claude (Sonnet 4.6) in order to assist with
formatting, paraphrasing and rewording, improving writing style and checking for grammar and
spelling mistakes.
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