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Abstract

Bayes Nets (BNs) are extremely useful for causal and probabilistic modelling in many real-world
applications, often built with information elicited from groups of domain experts. But their potential for
reasoning and decision support has been limited by two major factors: the need for significant normative
knowledge, and the lack of any validated methods or software supporting collaboration. Consequently,
we have developed a web-based structured technique — Bayesian Argumentation via Delphi (BARD) —
to enable groups of domain experts to receive minimal normative training and then collaborate
effectively to produce high-quality BNs. BARD harnesses multiple perspectives on a problem, while
minimising biases manifest in freely interacting groups, via a Delphi process: solutions are first
produced individually, then shared, followed by an opportunity for individuals to revise their solutions.
To test the hypothesis that BNs improve due to Delphi, we conducted an experiment whereby
individuals with a little BN training and practice produced structural models using BARD for two
Bayesian reasoning problems. Participants then received 6 other structural models for each problem,
rated their quality on a 7-point scale, and revised their own models if they wished. Both top-rated and
revised models were on average significantly better quality (scored against a gold-standard) than the
initial models, with large and medium effect sizes. We conclude that Delphi —and BARD — improves
the quality of BNs produced by groups. Further, although rating cannot create new models, rating seems
quicker and easier than revision and yielded significantly better models — so, we suggest efficient BN

amalgamation should include both.
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1 Introduction
1.1 Psychology of probability and causation

Decisions under uncertainty are ubiquitous and difficult. Here, probability and causation are vital
elements for accurately representing the world: causal connections constrain what could be influenced
by each action, and probabilities quantify our credence in each possible effect. Hence, Bayesian
updating and causal decision theory are now central, widely accepted ideals for reasoning in both
cognitive psychology and philosophy: they subsume as special cases both the study of logical fallacies
and reasoning schemes (Korb, 2003; Hahn & Hornikx, 2016) and philosophical accounts of scientific
reasoning (Howson & Urbach, 2006; Corner & Hahn, 2009), and provide general normative standards
for measuring reasoning performance in all sorts of domains.

Unfortunately, people have serious cognitive limitations in these areas, and struggle with
confusion, complexity, and calculation. Even in simple cases, people are prone to fundamental
confusions about elementary Bayesian analysis: how to identify and combine coherent priors and
likelihoods to produce posteriors. Despite some recent reconsideration of the evidence for various
reasoning fallacies (Hahn & Harris, 2014), this weakness still seems evident in the neglect of base rates,
i.e. inadequately weighting the priors (Kahneman, Slovic & Tversky, 1982), in the confusion of the
inverse, i.e. interpreting the likelihood as a posterior (Villejoubert & Mandel, 2002), and in the
conjunction fallacy, i.e. assigning a lower probability to a more general outcome than to one of the
specific outcomes it includes (Jarvstad & Hahn, 2011), as well as more domain-specific versions of
these general fallacies, such as the prosecutor’s fallacy (Fenton & Neil, 2000) and the jury observation
fallacy (Fenton & Neil, 2000). Similarly, the well-known trap of confusing correlation with causation
repeatedly snares even good research scientists (some examples are discussed in Korb, Hope & Nyberg,
2009 and Lawlor, Davey Smith & Ebrahim, 2004), which may well lead to overestimating the likely
impact of policy actions. Common interrelationships between several variables can easily result in
misunderstanding the significance of evidence, e.g. screening off (Korb & Nicholson, 2011), explaining
away (Liefgreen, Tesi¢, Lagnado, 2018) and the zero-sum fallacy (Pilditch, Fenton & Lagnado, 2018).

Finally, as the number of variables and nonlinear connections grows even larger, the number of
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conditional probabilities involved increases super-exponentially (Korb & Nicholson, 2011), so mentally
computing them becomes impossible.

1.2 Causal BNs

Fortunately, we have an Artificial Intelligence (Al) technology that models such situations, and
performs probabilistic and causal reasoning: Bayes Nets (BNs). Technically, a BN is a directed, acyclic
graph whose nodes represent random variables, and whose arrows represent direct probability
dependencies quantified by conditional probability functions associated with each node. For example, in
Figure 1(a), the Lung cancer node represents whether a patient has lung cancer (a ‘discrete’ variable, i.e.
it has a finite number of possible states). The arrow from the Smoker variable shows that the probability
of Lung cancer = True is specified (using the conditional probability table (CPT) shown) dependent on
one condition: whether the patient is a smoker. In a causal BN, such as this one, the arrows also
represent causal influence, e.g. smoking directly causes the increased probability of lung cancer. As
shown in Figure 1(b), users can enter evidence about any variables, e.g. Smoker = True or X-ray

result = Positive, which is efficiently propagated in standard software packages to update the probability
distributions for all other variables. Thus, causal BNs can support and perform diagnostic, predictive
and decision-oriented probabilistic reasoning. Furthermore, users can perform sensitivity analysis (e.g.
what if the evidence or model were slightly different?), and re-use previous BNs (e.g. revising or
expanding models to improve performance or apply them to similar domains). For further detail, see
(Spirtes, Glymour & Scheines, 2000; Korb & Nicholson, 2011).

BNs are a general-purpose technology and have already been deployed for many purposes in
diverse domains, notably medicine (e.g. Flores et al., 2011; Sesen et al., 2013), the environment (e.g.
(Wintle & Nicholson, 2014; Chee, 2016), and the law (e.g. Fenton & Neil, 2000; Fenton, Neil &
Lagnado, 2013; Neil et al., 2019). The US Intelligence Advanced Research Projects Activity (IARPA)
have also shown interest in having groups of intelligence analysts build relevant causal BNs to support
their analysis, and hence subsequent decision and policy making, by funding our current research under
the CREATE program (Crowdsourcing Evidence, Argumentation, Thinking and Evaluation, see

www.larpa.gov/index. php/research—programs/create).
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Researchers have developed machine learning methods to learn causal BNs from data
(summarised in Korb & Nicholson, 2011), such as learning the BN in Figure 1 from a medical database.
Psychological methods have also been developed to elicit the necessary information from domain
experts, which can then be used by a BN expert to build a good model (as described in Korb &
Nicholson, 2011). More recently, techniques have been developed to help combine them (e.g. Flores et
al., 2011). Provided an accurate causal BN has been built, then the reasoning it produces will be
accurate, and avoid most of the difficulties and fallacies that bedevil humans. For instance, Figure 1(a)
illustrates that the probability of lung cancer depends upon the probability that the individual is a
smoker, which might be estimated from the base rate of smoking in the relevant population. Unlike
many humans, the BN will not neglect the base rate in computing the consequent probability of lung
cancer. Furthermore, when presented with the BN model to view and explore, human users are more
likely to understand why the base rate is relevant. More generally, BNs have great potential as
‘explainable Al’ that can be understood, used and trusted by ordinary people, because the nodes and
arrows of BNs are designed to have clear semantic interpretations — unlike the ‘black boxes’ provided

by artificial neural nets (Bostrom & Yudkowsky, 2014).

(a) Smoker _
True 200mm:
False 80.0 Lung cancer

/ \ Smoker True | False

Lung cancgr : Shortness of bére:athé True 30% 70%

True 6408 @ : @ [™ True 204

False  93.6 False 79.6 False 0.5% | 99.5%
X-ray result Lung X-ray result

Positve ~ 5718 : i | cancer | pos Neg

Negative ~ 94.3

True 60% 40%
False 2% 98%

“In the absence of evidence, the prior probability of
Lung Cancer=True is 6.4% (almost certainly not).”
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Smoker |
(b) True 100 —
False 0] i i @
Lung cancer Shortness of breath

True  95.9 = True 100
False 4.14 False 0
X-ray result |
Positive 100

Negative 0

“Observing Shortness of breath = True, X-ray result = Positive and Smoker = True
increases the probability of Lung cancer = True to 95.9% (almost certain).”

Figure 1: A simple medical diagnosis BN (a) without any evidence (also showing two of the CPTSs),
and (b) with three pieces of evidence added. Quoted underneath is some of the automated verbal
explanation provided by the BARD BN software.

Where an accurate BN isn’t already available, there are good theoretical reasons to think that the
process of constructing one will help to avoid many of the cognitive limitations listed above (Korb,
2003; Korb & Nyberg, 2016). In this example, provided that a domain expert knows that smoking
affects the probability of lung cancer and has correctly placed an arrow from the former to the latter,
then there are immediately empty boxes in the CPT for Smoker corresponding to its base rate that must
be filled in — so these base rates cannot be neglected. Empirical results from our other CREATE
experiments support this general thesis. For example, the following reasoning difficulties were
overcome more often by individuals and/or groups able to construct the relevant BN than by those given
generic critical thinking advice: the zero-sum fallacy (Pilditch, Fenton & Lagnado, 2018), integrating
dependent evidence (Pilditch, Hahn & Lagnado, 2018; Korb et al., 2019) ; explaining away (Liefgreen,
Tesi¢, Lagnado, 2018; Korb et al., 2019), and duplicitous witnesses (Pilditch, Fries & Lagnado, 2019).

One major barrier to using BNs for reasoning and decision support has been the need for
significant normative knowledge to understand and build them. Even where knowledge is elicited from
domain experts, BN experts are usually required to construct the network. For domain experts to
construct their own BNs, substantial training is usually needed. The major software packages have very
limited integrated help or training, both in scope and presentation. Hence, typically, an introductory
course in BN modelling takes 2—3 days of upfront instruction from an expert (e.g. two days by Bayesian

Intelligence, see bayesian-intelligence.com; three days by Bayesialab, see www.bayesia.com).

While many domain experts have made this commitment and successfully used BN modelling in their
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work, many others have balked at it. IARPA’s informal survey of intelligence analysts for CREATE, for
example, revealed the maximum most analysts would commit to upfront training was 0.5-1 day. A
second barrier is the lack of validated methods and software support for groups to build BNs
collaboratively, including the amalgamation of diverse opinions into a single group product. This is
particularly important if domain experts are trying to pool their own wisdom (including their limited
modelling skills).

Our aim in CREATE was to design, build and validate such a method, software platform and
training: enabling domain experts to undergo, at most, 0.5 days of upfront training, then exchange
information easily — and use an effective procedure for combining that information — to create
appropriate BN models to assist with subsequent written reports (further details in §81.4).

1.3 Delphi Processes for Groups

Groups (e.g. Hackman & Katz, 2010; Hastie & Kameda, 2005), or the wider ‘crowd’ (e.g. Brabham,
2008; Surowiecki, 2005), have been shown to outperform individuals on judgment tasks, presumably by
bringing together multiple perspectives and through the exchange of heterogeneous knowledge. There is
also some evidence that individuals within groups may be motivated to work harder than alone (e.g.
Weber & Hertel, 2007) — a process generally known as social facilitation (Zajonc, 1965).

The advantage gained by taking part in a group is often termed ‘process gain’. However, if the
group interactions are not managed properly, then their potential advantages may not be realised —
because groups may also suffer from processes that can undermine their effectiveness, leading to
‘process loss’ (Steiner, 1972). In fact, the operation of well-documented social biases may lead to
inferior outcomes from groups relative to individuals. For example, individuals in groups do not always
share their unique information, focusing instead on the information that is commonly held by group
members (e.g., Stasser & Vaughan, 2013). Further, people in groups may suffer social inhibition instead
of facilitation — due, for example, to anxieties related to interacting with strangers (Buck et al., 1992) —
reducing their motivation to perform: social facilitation has been found to turn into inhibition as task
complexity increases, perhaps due to corresponding increases in levels of arousal (Zajonc, 1980) or

evaluation apprehension (e.g., Blascovich et al., 1999). There can also be a diffusion of responsibility in
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groups leading to reduced participation, sometimes referred to as social loafing: the probability of such
behaviour increases with group size and degree of physical and temporal dispersion of group members
(Chidambaram & Tung, 2005). Further, a number of well-documented cognitive biases reduce the
quality of individual judgment and reasoning (e.g., Arnott, 2006; Kahneman, Slovic & Tversky, 1982;
Morvan & Jenkins, 2017) and these might be exacerbated by group processes. For example, individuals
have often been found to be overconfident (e.g., Johnson & Fowler, 2011; Lichtenstein, Fischhoff &
Phillips, 1982), and groups demonstrate shifts towards even greater risk taking and confidence in
judgment than by their component members (Dodoiu, Leenders & van Dijk, 2016; Stoner, 1968).

Various group structured techniques have been developed to help improve the outcomes produced
by freely-interacting groups: one of the best-known of these is the Delphi technique (Linstone & Turoff,
1975). Delphi is an example of a ‘nominal-group’ technique, where the group members never actually
meet face-to-face — and are, in fact, anonymous to each other — interacting only through a facilitator.
This reduces the undue influence of more powerful or dogmatic individuals, so participants can focus on
providing and assessing judgements and reasoning more frankly. In the first round, each participant
must first make a judgment individually (before seeing any other responses) and submit it to the
facilitator, perhaps along with their confidence in and/or a rationale for it. This reduces social loafing
and premature conformity (as seen in anchoring and groupthink), thus increasing the independence and
diversity of initial responses.

The facilitator then provides all the participants with feedback, thereby initiating the second
round. For quantitative estimates, this usually includes some statistical summary such as their mean and
standard deviation, and often the individual estimates with associated confidence and/or rationales if
they were collected. Participants are invited to revise their responses if they wish and resubmit; this is
the end of the second round. Anonymity reduces the social pressure to conform, but feedback
encourages participants to rationally reconsider their response in the light of the new information
provided.

The facilitator can always provide feedback again, thus initiating another round, if any significant

revision seems likely — but two or three rounds are usually sufficient. This process tends to increase the
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level of consensus in the group, but the more fundamental aim is to increase the overall quality of the
responses. Using a facilitator, in addition to aiding administration and collation, tends to encourage
constructive contributions from members and avoid any unproductive, heated arguments.

After the final round, the facilitator usually aggregates the responses of the individual members
(or collates them, if they are qualitative), and the result is taken as the group response. Each opinion is
given equal weight throughout, unless there is some strong, evidence-based reason for valuing
participants’ opinions differently. The process does implicitly ‘weigh’ answers in another way, which
may well be encouraged (Bolger & Rowe, 2015): those who are more sure of their judgments — after
considering the opinions of others — should stick to them, whereas those who are less sure should
change. This is in line with the Theory of Errors (Dalkey, 1975; Parenté & Anderson, 1987), which
proposes that Delphi produces virtuous opinion change by means of the less knowledgeable being
persuaded towards the position of the more knowledgeable.

In summary, the four main features of Delphi that help reduce process loss (Rowe, Wright &
Bolger, 1991) are: anonymity, iteration, feedback, and aggregation. A review by Rowe & Wright (1999)
found that, at least for short-term forecasting problems and tasks involving judgements of quantities,
Delphi has generally shown improved performance compared to freely interacting groups or a
statistically aggregated response based on the first-round responses of individual participants.

1.4 Delphi Groups for Causal BNs

Previously, the Delphi technique has mainly been limited to either making relatively simple judgements
(e.g. forecasts of uncertain quantities), or answering rather specific questions in a qualitative mode (so-
called ‘policy Delphi’ (Turoff, 1970). Recently, one study used a form of Delphi for point-estimate CPT
elicitation (Etminani, Naghibzadeh & Pefia, 2013), while for BN structure elicitation Serwylo (2015)
pioneered online crowdsourcing and automated aggregation (albeit non-Delphi). We further developed
these ideas and built a GUI to automate both structure and parameter elicitation and amalgamation
(Nicholson et al., 2016). However, our current CREATE research is the first project to apply Delphi to
developing and exploring an entire BN model — including variables, structure and parameters — and also

to complex reasoning problems.
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To overcome the existing barriers to using BNs, we developed a computer-based structured
technique — Bayesian Argumentation via Delphi (BARD) — to permit groups of domain experts with
minimal normative training to produce high quality BNs. Here, we only explain how this experiment
(the specific task for participants and the social aggregation process) fits into the overall BARD system;

for more detail on BARD see (Nicholson et al., 2019).

1. To reduce the training barrier, BARD requires only 2.5 hours of upfront training, which is
provided online as an e-course. This and other training resources can subsequently be accessed on
demand within the BARD platform, in addition to context-sensitive tips and help. Our
experimental subjects had undergone this training as part of a previous experiment.

2. To facilitate group interaction, BARD is provided on a web-based platform accessible from
anywhere at any time, by any number of individuals. Each member has their own virtual
workspace that can be shared and compared with collaborators, in addition to a group workspace
for displaying the consensus model.

3. To assist both inexperienced users and aggregation, BARD decomposes the task into a logical
series of smaller steps to construct BNs and produce reports. Most relevantly for this experiment,
variables are specified at Step 2, arrows between them at Step 3, and probabilities at Step 4.

4. To aggregate individual responses, BARD uses a Delphi-like process at each Step. The first time
each user encounters each Step, they must attempt to answer themselves. Then they are able to see
any other answers others have already given, at which point they can revise and resubmit their
answer, and also (at least for some Steps) rate other users’ responses. This process may be
moderated by a facilitator with no special domain or BN expertise, or automatic algorithms may
be applied to manage participants and aggregate responses (using response frequencies and/or
ratings).

In previous studies, we showed that individuals with BARD (i.e. without the usual group
interaction, but using the BARD training, software and approach to construct appropriate BNs) could
solve some specific causal, probabilistic reasoning problems (which included known fallacies) far better

than control individuals without BARD (Liefgreen, Tesi¢, Lagnado, 2018; Pilditch, Fenton & Lagnado,
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2018; Pilditch, Hahn & Lagnado, 2018). In a subsequent experiment, we also showed that groups with
BARD performed far better than control individuals without BARD (Korb et al., 2019). In the current
experiment, we complete this three-way comparison: we examine whether groups with BARD
outperform control individuals with BARD, or (more specifically) whether the Delphi-like social
processes within BARD help to improve group solutions after Round 2 beyond those of BARD
individuals after Round 1. We are not, here, comparing the quality of solutions to control individuals
without BARD.
1.5 Hypotheses
In this experiment, we only investigated the effectiveness of a Delphi-like process on the production of
structural models, i.e. where participants select appropriate variables and arrows and compare work
without having entered probabilities, which is consistent with the overall BARD process. We were not
investigating other aspects of BARD, such as variable generation, parameter estimation, or report
writing. As such, we just used a part of BARD (Steps 2 & 3) and only used problems amenable to causal
BN modelling.

Our research question was simply: ‘Will there be a significant improvement in the quality of
structural models produced if there is an opportunity by analysts to see several other models of varying
quality in addition to their own?’ This is operationalised as a test of a single hypothesis with two parts.

After analysts have had the opportunity to review several diverse models produced by peers in Round 1:
H1(a): The average quality of the structural model most highly rated by each analyst at Round 2 will be
higher than the average quality of each analyst’s individually-produced model at Round 1.

H1(b): The average quality of the structural model produced by each analyst will increase due to their

revisions in Round 2.

2 Method
2.1 Performance Measure
Rather than asking participants to define variables from scratch, we offered them a set of predefined,

plausible variables from which to choose. This had two important advantages:

1. It made the task easier and quicker for participants, both because they did not need to define
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variables in Round 1, and because they could more easily compare their work with that of their
peers in Round 2. This minimised dropout and allowed them to solve two test problems within a
two-hour session.

2. It simplified the assessment of answers, both because it avoided minor semantic variations in the
definitions of variables, which would have required human judgement to assess as equivalent, and
because it avoided more significant variations that would allow alternative graph structures to be
acceptable answers (e.g. merging two binary variables into one 4-state variable). Given the nature
of the problem statement, some variables in our set were well-defined, individually necessary, and
collectively sufficient, whereas the remainder were unnecessary and/or badly defined — although
tempting enough to induce some modelling mistakes. Thus, all our BN experts agreed there was a
clear, uniquely best answer to each problem, which we will refer to as the ‘gold-standard’ model

(for further details, see the experimental materials provided in our linked supplementary

Materials).

All the participant models could then be scored against the gold-standard model using arrow edit
distance (AED), which simply counts how many arrow ‘edits’ (additions, deletions, and reversals) are
required to convert one BN into the other. This is far and away the most common such measure in the
relevant literature (e.g., Spirtes, Glymour & Scheines, 2000).

Despite its popularity, we note that AED has clear limitations: it only measures some of the errors
that might be made in constructing a BN (limited scope), and it gives independent and equal weight to
each of the errors (linearity). Regarding scope, although participants in our experiment notionally
needed to choose which variables to include in their models as well as how to connect those variables
with arrows, AED was nevertheless suitable. This is because (i) participants could not make any errors
within the definitions of variables, so these did not need be assessed, and (ii) including (or excluding) a
variable is equivalent to having (or not having) at least one arrow that connects this variable to others, so
any error in the variables chosen must translate into at least one associated arrow edit. Regarding
linearity, future research could certainly develop and justify more complex measures for specific

purposes. These might take into account the frequency with which particular errors are made, their
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adverse consequences for the model, or the underlying cognitive processes responsible for the error.
However, absent such research, it is reasonable to use AED here as the most widely accepted and
general-purpose measure of performance.

Using predefined variables and AED also had the advantage that we were able to develop
software scripts to automatically assess the BNs submitted by participants, rather than employing human
raters. Hence, no blinding of raters was required to the Round in which models were produced.

2.2 Participants

In a previous experiment using BARD (described in Korb et al., 2019), 145 Monash University students
received the 2.5 hours of BARD training, and in their assigned groups of 6-8 people, attempted three
problems requiring complete BN models as solutions. From these earlier participants, we enlisted a
sample of 98 for this experiment — the maximum we were able to obtain — to attend one of three sessions
on consecutive days. For logistical reasons, it was only possible to run a maximum of 25 participants in
each session, so several participants from the pool were unable to find a convenient slot and did not sign
up. With no shows, and a few participants failing to complete — or properly complete — the tasks within
the allotted time (2 hours, which surveys indicated was adequate for the vast majority of participants),
we were left with 57 usable data sets. Power analysis showed that 52 analysts gives a power of 0.8 to
detect the expected medium effect size of 0.35 (typical of our pilot studies). We collected data from all
analysts who attended, and stopped collecting data after the three sessions were complete.

Participants were approached after they had completed the earlier BARD study: they were thus
self-selected from these ‘BARD graduates’. They were offered an A$50 gift certificate for two hours’
work. Subsequently, after they had consented to participate in the experiment but before they began
solving the problems, they were told that for each perfect BN answer (i.e. gold-standard model) — which
they could submit in the first and/or second round, and for the first and/or second problem, hence a
maximum of four per person — each participant in the experiment would be awarded a ticket in a single
lottery for an additional A$200 gift certificate. This lottery was conducted under the joint supervision of

the experimental leads, and the winner notified by email.
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2.3 Design and Materials

The experiment is an entirely within-subjects design: each participant created a model individually for
each of two problems, and the quality of these models was compared to both the quality of the peer
model for each problem that the participant rated most highly, and their own revised models after receipt
of feedback. Confidence intervals were computed separately for the two problems. Thus, each problem
is properly considered a replication to explore the generalizability of findings.

Our other BARD team members at University College London (UCL) and Birkbeck — both of the
University of London — had previously developed suitable test problems. These are relatively simple
Bayesian reasoning problems, but incorporate some tempting qualitative fallacies, so building an
appropriate BN achieves quantitative accuracy and avoids these qualitative traps. The two problems we
used are called Black Site, which incorporates the zero-sum fallacy (Pilditch, Fenton & Lagnado, 2018),
and Spider, which incorporates potentially duplicitous witnesses (Pilditch, Fries & Lagnado, 2019);

these materials are provided in our supplementary Materials.

Using the Simulated Group Response Paradigm (SGRP, described in Bolger et al., 2020), we first
conducted piloting in which participants who had already undergone BARD training and produced BNs
using BARD were presented with new problems requiring structural solutions. We then created two
alternative stimulus sets of 6 models for each problem, based on those elicited during piloting. These
sets were designed to be representative of the types of models produced by trained participants, or which
might well be produced (e.g. including a type of error that might be expected to occur but was not
observed in the pilot responses). Each set was composed of solutions of varying types and correctness in
roughly the proportions observed in piloting; for Black Site, this resulted in four gold-standard and two
erroneous models in each of the two stimulus sets, and for Spider, three gold-standard and three

erroneous models in each set — see our supplementary Materials for details®. In the main study, new

participants — who had also undergone training in BARD — were randomly assigned to each of the two

5 Piloting used two batches of participants: stimulus sets were developed based on participant responses in an earlier BARD
experiment at UCL, then refined based on a smaller batch of responses from our Monash recruits. We did not run a formal
Stimulus Elicitation Exercise (SEE) as is common for the SGRP, but instead used ‘representative selection” (see Bolger et al.,
2019 for details). Due to the relatively small sample sizes of trained analysts solving each problem during the piloting, random
sampling from a SEE database would probably not produce representative stimuli sets (and the piloting may well not produce
any examples of some plausible categories of response).
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sets in approximately equal numbers, and presented with these solutions in Round 2 as if they were
responses by other members of a Delphi group working on the same problem (there was actually no
deception here: participants were simply told that they would see some other structural models that were
offered as solutions to the problem).

2.4 Procedure

75 different people to those participating in the pilot studies were signed up to one of three experimental
sessions. After receiving instructions and providing consent, each participant took part in two successive
rounds for the first problem: 15 minutes for Round 1, a 5-minute break, and 20 minutes for Round 2.
After another short break, they took part in two similar rounds for the second problem. Finally, they
completed a brief survey asking whether, for each of these four rounds, they had enough time to

complete the task.

Round 1: Each analyst received a description of a problem they had not encountered before, plus
associated lists of variables. They were asked to independently produce an appropriate BN structure

for the problem by choosing variables and connecting them with arrows.

Round 2: The analyst saw 6 other models for the problem (one of two possible stimulus sets). They
were asked to (a) rate the quality of all 6 models (and their own), and (b) improve their own model
(and self-rating) if possible.

Analyst ratings were on a 7-point Likert scale with two poles: ‘poor’ to ‘excellent’, with the
intermediate response options not labelled. This corresponds to the rating system used in BARD. After
all experimental sessions had been completed, all participants were informed via email of the gold-
standard structures for these problems, and were provided with their compensation. Subsequently, the
quality (i.e. the edit distance from the gold-standard) of each analyst’s Round 1 model was compared to
(a) the quality of the model they rated most highly at Round 2 (excluding their own), and (b) the quality

of the analyst’s revised model after Round 2.

3 Results
3.1. Confirmatory analyses

Table 1 shows the sample mean edit distances (and SDs among participants) by problem and source of
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model. Note that smaller edit distances indicate better BNs (i.e. more similar to the gold standard). 95%

two-sided Cls for the population means are shown visually in Figure 2.

Problem Individual BN  Top-rated BN  Revised BN
Black Site 7.05 (4.28) 1.47 (2.56) 3.86 (4.64)
Spider 5.32 (3.87) 1.13 (1.59) 3.54 (4.46)

Table 1: AED means (and individuals’ SD) by problem and source of model.
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Figure 2: 95% Cls for mean quality of models for (a) Black Site, and (b) Spider.

A paired, two-sided t-test was performed to test H1(a) and H1(b) for each of the two problems.
The variables used for these tests were the quality of each participant’s Round 1 and Round 2 structural
model, where the Round 1 was individually produced and the Round 2 model is either the revised model
after feedback (H1(b)) or the highest rated of the other models presented excluding the participant’s own
(H1(a)). Therefore, there were four tests in total — the interpretation of the results take into account the
slightly increased family-wise error rate that this procedure entails.

For each effect size, we computed both the two-sided 80% and 95% Cls for the mean differences
in raw AED score. We also standardised these effect sizes via Glass’s A, i.e. expressing them as
fractions of the standard deviation of individuals® Round 1 scores.® If the two-sided CI for a difference
in scores does not overlap 0, then this is mathematically equivalent to rejection of the null hypothesis by
our corresponding two-sided t-test.”

Any participant who failed to submit all his/her revised models was to be excluded from the

® Glass’s A is a more appropriate variation of Cohen’s d designed for experiments in which the variance within the two groups
is unequal (Glass, Peckham, & Sanders, 1972), which we correctly anticipated here, since in a Delphi process variance tends
to decrease as participant answers converge.

" Notwithstanding this equivalence, we are contractually obliged to base our inferences primarily on such Cls and standardised
effect sizes, rather than the null-hypothesis significance tests per se.
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analysis, but this did not occur. However, four participants made no or partial ratings for either problem
and ten participants provided no or partial ratings for one of the problems; these participants were
excluded from the analysis of ratings for the problem concerned.

Test of H1(a): The hypothesis was supported for both problems with large and very large effect

sizes; these results are shown visually in Figure 3(a).

5.59 fewer edits (95% CI [4.30, 6.88], 80% CI [4.75, 6.43])

Black Site:  paep1— paeD2a

Glass’s A = 1.27 (95% CI [0.78, 1.76], 80% CI [0.95, 1.60])
Spider: HAEDL— MaEpza = 3.78 fewer edits (95% ClI [2.80, 4.77], 80% CI [3.15, 4.42])
Glass’s A = 1.05(95% CI [0.58, 1.51], 80% CI [0.74, 1.35])

Test of H1(b): The hypothesis was supported for both problems with medium and large effect

sizes; these results are shown visually in Figure 3(b).

Black Site:  paep1— paep2b 3.19 fewer edits (95% CI [1.84, 4.55], 80% CI [2.32, 4.07])

Glass’s A = 0.76 (95% CI [0.36, 1.15], 80% CI [0.50, 1.01])
Spider: WaeD1— Haepzn =  1.77 fewer edits (95% CI [0.84, 2.71], 80% CI [1.17, 2.38])
Glass’s A = 0.45 (95% CI [0.07, 0.83], 80% CI [0.20, 0.70])

As we noted above, repeating tests several times increases the family-wise error rate. To take this
into account, we repeated tests of H1(a) and (b) with a very strict criterion (Cl = 99.9%), but the Cls still

did not cross zero, i.e. the hypotheses were still supported.
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Figure 3: 95% Cls for quality differences between models, showing:
(a) individual > top-rated, (b) individual > revised, and (c) top-rated > revised.

3.2. Exploratory Analyses

There are many further interesting questions about participant performance, and although the dataset is
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limited, we performed exploratory analyses to obtain some indication of the answers and guide future

research. We summarise the findings here:

1. How many Round 2 answers were better, worse, or of the same quality as the participant’s Round 1

answer?

Pooling results from the two problems (i.e. each participant producing two models), in 63 cases (56%)
the participant improved their answer, which was nearly five times more common than the 13 cases
(12%) where the participant made their answers worse, while in 36 cases (32%) the participant
submitted the same quality answer. Thus, the improvement due to Delphi was relatively widespread
among participants, rather than due to just a few giving very poor answers in Round 1 and then making

large improvements in Round 2. This suggests the Delphi effect will be robust.
2. If a participant makes more mistakes, then are they more or less likely to improve their answers?

If a participant makes more mistakes, then this is evidence that they have less modelling ability (at least
for these test problems). So, one might expect them to have less ability to judge which models are better
(addressed in question 4) — and more specifically, less ability to recognise that an alternative model is
better where they have made a mistake, resulting in fewer corrections. This would run counter to the
Theory of Errors and reduce the effectiveness of Delphi for BNs: bad models would improve least, and
the spread between good and bad models would increase.

Spearman’s rho (rs) was used to compute the rank correlation between the number of errors made
by a participant and two different measures of improvement in their answers (N=57 for both).
Participants who gave the gold-standard answer in Round 1 are included here even though they could
not improve (and might do worse) in Round 2, but it makes little difference if they are excluded.

Firstly, when measuring change in terms of the nett number of mistakes corrected, there was a

significant positive correlation for both test problems:
Black Site: AED; correlated to AED1 — AED2, (rs = 0.42, 95% CI = [0.66, 0.14]).
Spider: AED; correlated to AED1 — AED2y (Is = 0.35, 95% CI1 = [0.59, 0.08]).

Secondly, when measuring change in terms of the nett proportion of mistakes corrected, there was

no significant correlation for either test problem:
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Black Site: AED: not correlated to (AED1 — AED2b)/AED: (rs = 0.08, 95% CI = [-0.19, 0.34])

Spider: AED: not correlated to (AED1 — AED2p)/AED: (rs = 0.12, 95% CI = [-0.12, 0.37])

Taken together, this suggests that participants who made more mistakes were not worse at
correcting each of their individual mistakes, so (since time permitted) they made more corrections in
total. Thus, not only did participant scores improve overall, but also the variance in participant scores
was reduced. These results support and extend the main conclusion that participants with worse BN
structures were willing and able to improve them after seeing better BN structures. Also, although
Delphi does not rely on convergence in either answers or answer quality (since average answer quality
can improve without convergence), the ideal outcome of group collaboration is convergence on the best
answer (where that exists, as here), so the convergence is encouraging.

3. Are the solutions produced by the rating method better or worse than those produced by the

revision method?

The quality of solutions produced by rating and revision were compared using a paired, two-sided t-test
and CI on mean difference between top-rated and revised models. Top-rated models were significantly

better than revised models, with a medium effect size®; these results are shown visually in Figure 3(b).

Black Site: paepza— paeD2b 1.79, 95% CI [0.68, 2.89], 80% CI [1.07, 2.50]

Glass’s A = 0.41, 95% CI [0.01, 0.81], 80% CI [0.15, 0.67])
Spider:  paepza—paepzn = 1.76,95% CI [0.79, 2.73], 80% CI [1.13, 2.38]
Glass’s A = 0.44,95% CI [0.03, 0.84], 80% CI [0.17, 0.70])

This result may seem surprising, since participants had the opportunity to revise their own models
to mirror their top-rated stimulus model. However, where a participant’s revised model was worse than
the gold-standard, they may well have rated the gold-standard as the best alternative model, but either
(i) mistakenly thought their own model was better, or (ii) not made the additional effort to revise their
own. Furthermore, it wasn’t possible for a participant’s revised model to be better than the gold-

standard, which was always one of the models they rated — in this respect, experimental conditions were

8 The exact effect size given here varies slightly from the difference between the effect sizes for H1(a) and H1(b), because the
samples used vary slightly: some participants didn't provide ratings, so they were excluded from the calculations here and for
H1(a), but were included in the calculation for H1(b).

18/35



STRUCTURE DELPHI BOLGER ET AL

favourable for the rating method.

4. If a participant provides better answers themselves, then do they also give more accurate ratings

for other answers?

As noted, if a participant constructs a better model, then one might expect that they also have more
ability to rate other models. To test this, we first measured a participant’s rating accuracy for other
answers by the rank correlation (Spearman’s rs) between all their ratings of stimulus BNs and the
attendant edit distances of those BNs. (It was not possible to create a rating accuracy for all participants,
because some participants gave identical ratings to all BNs.) The average rating accuracy was rs = 0.34
(medium) for Black Site and rs = 0.6 (large) for Spider. These good correlations further substantiate our
general finding H1(a) that participants can tell which models are better. In turn, the rank correlation
between each participant’s rating accuracy and their own answer quality in Round 1 was then
calculated: rs = 0.18 (small) for Black Site (N=47) and rs = 0.05 (zero) for Spider (N=38). Similarly, the
rank correlation between each participant’s rating accuracy and their own answer quality in Round 2
was positive but small for both problems.

The surprisingly small correlations between answer quality and rating accuracy have interesting
implications for the use of ratings to help aggregate answers. It suggests that it may not be beneficial to
discount the ratings of participants whose own answers were poorly rated (or who show some other
indication of giving poor answers), since their ratings may nevertheless be of similar accuracy to the
ratings produced by those who gave better answers (and the average rating of a model will be more
stable if the number of ratings it includes is larger). Also, it suggests that how many participants give a
specific answer (its prevalence) and how highly participants rate that answer may be partially

independent indicators of answer quality, so it might be best to use both.

5. What were the relative frequencies of these three categories of mistake: addition (adding arrows
that should not be there), deletion (leaving out arrows that should be there), and reversal (putting

an arrow that should be there the wrong way around)?
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Type Possible Round1 Round2 Improvement

Addition 12996 310 205 105

Deletion 798 288 118 170

Reversal 798 79 72 7
All 13794 677 395 282

Table 2: Frequencies of the three types of mistake: addition, deletion, and reversal.

Pooling the data from both test problems, there were roughly the same number of addition errors (310)
as deletion errors (288) in Round 1. However, to assess the propensity of participants to make a specific
type of error, we also need to calculate the number of possible errors of this type, and hence how many
times such errors were avoided. As with many real BNs, the test problems require participants to add a
small fraction of the possible arrows (6/132 for Black Site, and 8/110 for Spider). So, the number of
possible addition errors (228 per participant) is much larger than the number of possible deletion errors
(14 per participant), and although the actual numbers in Round 1 are roughly equal, they represent only
2% of the possible addition errors but 36% of the possible deletion errors. On this measure, the
propensity to wrongly add an arrow is much less than the propensity to wrongly omit one.

There is a plausible two-factor explanation for this disparity: whether a participant makes an
arrow error depends on both attention and judgement. Furthermore, addition requires committing a
positive action, whereas so-called deletion (i.e. omission) does not. Thus, to commit an addition error, a
participant must have attended to the possible arrow but made an error of judgement. In contrast, a
participant can make a deletion error either for this reason (with, plausibly, a similar chance of judging
incorrectly) or because they did not give adequate attention to the arrow (and it is omitted by default).
Since there are many possible arrows to consider in the 15 minutes available for each problem in
Round 1, we can expect that many of these arrows were not given much attention — resulting in the
higher propensity for deletion errors.

In Round 2, correction rates showed the opposite disparity: the correction rate for addition errors
was roughly half as great (34%) as for deletion errors (59%). This is also explained by the two-factor
account. To correct an addition error, a participant must amend their original judgement. In contrast, a

participant can either correct a deletion error either for this reason (with, plausibly, a similar chance of
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amendment), or they can belatedly attend to an arrow they previously neglected and decide to include it.
When participants are presented with several gold-standard answers, this should draw explicit attention
to any differences from their own model — including any gold-standard arrows they neglected — resulting
in the observed higher propensity to correct deletion errors than addition errors. In future BARD
development and experiments, we may benefit from distinguishing between these two factors, e.g. to
increase the adoption of neglected ideas it may be sufficient to increase their salience, whereas to
increase the correction of mistaken ideas it may be necessary to facilitate exchange of the reasons that
support them.

The number of reversals in Round 1 (79) was comparatively low, at about a quarter of addition or
deletion errors, and this represents only 10% of the possible reversal errors. This is encouraging, since a
fundamental and frequent misunderstanding about causal BNs is to not appreciate that the arrows must
be oriented in causal directions regardless of the direction of evidential inference — so BARD training on
this point was evidently effective. However, in Round 2 the nett correction rate for reversals was also
very low (9%). Closer inspection showed that there were more corrections to Round 1 reversals than
this suggests — but they were matched by new reversal errors introduced in Round 2, often by different
participants. Thus, there was a low but persistent base rate for this error, which has several implications.
Upfront training on this issue could be improved further, possibly including a hurdle test (i.e. that must
be passed to complete the training). The real-time tips could be improved, e.g. if one participant has
oriented an arrow (or multiple arrows) in the opposite direction to most other participants, then they
could be automatically asked if the arrow(s) are oriented causally. This issue also illustrates a limitation
of AED if it is interpreted as a measure of participant understanding. Reversal errors were more likely to
be made by participants who made other reversal errors (clustering), because any such error reflects a

common cause: a more abstract misunderstanding present in these participants.
6. Which specific errors were the most frequent?

The kinds of errors people often make in BN building have been noted anecdotally in BN textbooks and
training, but there has been little formal empirical investigation. Furthermore, applying a Delphi-like

process to BN building (where there is an explicit opportunity for errors to be corrected) is novel. So,
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exploring the kinds of errors made and corrected in our experiment is of great interest to improving our
cognitive models of participants and improving our system to avoid such errors (through training,
intelligent help, etc). We provide a few examples here to illustrate the methodology.

To summarise these statistics in a readily accessible way, we developed a new type of
visualisation, examples of which are shown in Figures 46 for the Spider problem. Figure 4 shows that,
in addition to the target variable Spider in facility that could either be true or false, participants
incorrectly included — using similar arrows — Spider not in facility, which was both logically

unnecessary and had been defined with nonsensical states (see supplementary Materials).
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(More likely D) (mHigth improbable:) Gpider not in facilitD

Figure 4: Spider addition errors (solid arrows) and their relative frequency (via thickness), with
gold-standard arrows (dashed) for context.

Figure 5 shows that participants had less difficulty in including any of the direct connections
between evidence and hypothesis variables than they did in including the connections to the
‘background’ variable Emerson and Quinn are lying, which was neither evidence nor hypothesis but
crucial for determining the relevance of the testimony provided by Emerson and Quinn. These two most
frequent deletion errors correspond to not properly accounting for the possibility — explicitly discussed
in the problem statement, but initially unlikely — that the two sources are duplicitous conspirators.
Figure 6 shows that this background variable, even if it was connected, was the most likely variable to
be connected incorrectly, along with Alpha’s report. Thus, detailed analysis of the Spider errors
suggests improving training and help on both logically connected variables and on background

variables.
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Figure 5: Spider deletion errors (solid arrows) and their relative frequency (via thickness), which
include all the gold-standard arrows.
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Figure 6: Spider reversal errors (solid arrows) and their relative frequency (via thickness), with
other gold-standard arrows (dashed) for context.
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7. What specific arrows appeared in the majority of participant models?

Emerson and (_spider in facility )
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Figure 7: Spider majority-endorsed arrows after (a) Round 1, and (b) Round 2. All arrows were
gold-standard and (b) was the complete gold-standard answer.

This is visualised for the Spider problem in Figure 7. In Round 1, five of the seven arrows in the gold-
standard model, and no others, were endorsed by the majority of participants. After Round 2, all seven
gold-standard arrows were endorsed, and no others. Similar results were achieved in the Black Site
problem. Thus, even in Round 1 when very few participants (7—9%) gave the complete gold-standard
answer, this criterion would have provided an effective threshold for identifying most of the individual
gold-standard arrows. In Round 2, when only a minority of participants (33-42%) gave the complete

gold-standard answer, this criterion would have successfully identified the complete gold-standard
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answer in both problems.

4 Discussion
4.1 BN training and performance

In accordance with BARD’s aims, participants received very little upfront BN training and practice by
industry standards. It is further validation of this approach that many participants successfully
constructed the gold-standard BN structures that were the key to solving these reasoning problems (in
this experiment it was the modal response, and in most earlier BARD experiments (Liefgreen, Tesic,
Lagnado, 2018; Pilditch, Fenton & Lagnado, 2018; Pilditch, Hahn & Lagnado, 2018; Korb et al., 2019;
Pilditch, Fries & Lagnado, 2019) it was also the majority response). Data exploration revealed some
general modelling issues where small improvements in training would most likely yield even greater

success and consensus on these test problems.

Modelling performance, however, depends on the difficulty of modelling problems. These
reasoning problems were difficult enough to defeat participants in other experiments who were unaided
by BNs, but the BNs required to solve them are relatively simple (since they involve a small number of
binary nodes in a fairly normal causal context). There is, as yet, no standard test for BN modelling
difficulty or ability, so we can’t quantify more precisely the difficulty of building our problem BNs or
the ability achieved through our minimal training.

4.2 Adding other Delphi features

To make the experiment easier and more cost-effective, both the modelling task and the Delphi process
were cut down to minimal, central features. Other typical Delphi features could be added that would
probably increase the levels of success and consensus. In particular, participants could (i) give a
justification for each arrow they included in their model in Round 1; (ii) comment on points of
disagreement in Round 2; (iii) have an additional Round 3 to take such comments into account; and
(iv) see interim aggregations (in addition to individual responses) so that each participant can focus on
their own differences from the prospective group output. These kinds of participant exchanges are

encouraged within the BARD process (Nicholson et al., 2019).
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4.3 Participant understanding vs heuristics

Although the data shows that participants were able to assess the quality of other models and how to
improve their own model in response, we have no further data indicating precisely how these
assessments were made. The modelling by individuals in this and other BARD experiments required
some good modelling understanding, so we expect that, to a large extent, participants in our group
context understood good modelling when they saw it. However, indirect heuristics may also have
influenced participants, especially those who were less able to judge model quality directly. Participants
may well have favoured solutions that were more popular, or appeared more comprehensive.

In BN modelling, provided that the problem is not too difficult for most participants, the worst
solutions are unlikely to be the most popular. Similarly, the worst solutions are unlikely to be the most
comprehensive (since good arrows are more likely to be omitted rather than bad arrows added, per our
analysis of exploratory question 5). Hence, favouring popular and/or comprehensive solutions is likely
to improve the answers of the least able participants, and so (in line with the Theory of Errors) improve
the average answer. To the extent that such superficial heuristics contributed to our experimental results,
this phenomenon is typical of BARD’s Delphi implementation for BN modelling, so our results are a
valid test of its performance.

4.4 Extrapolation of results to other BARD Steps

Although our modelling task was limited to specifying model structure, this is central and distinctive to
BN construction, and the efficacy of Delphi here was previously untested. Other necessary tasks, such
as listing possible relevant factors (variables) or estimating probabilities, are more similar to tasks where
Delphi has previously been shown to be effective. Hence, although it awaits direct empirical testing, we
expect that Delphi will assist with all BARD Steps.

In our test problems, if participants had been required to develop their own variables from scratch,
then it seems likely that less able and/or less industrious participants would have included fewer of the
gold-standard variables than they did when these were all suggested and provided by us. However, since
our minimal Delphi process achieved a high rate of correction for wrongly omitted arrows, this may

well have extrapolated to a high rate of correction for wrongly omitted variables. If participants had
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been required to enter probabilities, then it’s likely there would have been a high degree of consensus —
since the required probabilities are explicitly stated in these problems.

4.5 Aggregation methods and automation

Our confirmatory results were about individual performance. However, where (as in BARD, and most
Delphi applications) group collaboration is expected to produce a single aggregate result, the
performance of the group process depends also on the aggregation procedure. This becomes more
critical where there is less consensus, which can occur when the problem is sufficiently challenging (per
84.1), even if a more complete Delphi process is applied (per 84.2). Causal BN structures are complex
outputs, and there is no established, best way to ‘average’ them (as with a single parameter, such as a
probability) to produce a representative single structure. Research on the theoretical and applied
properties of aggregation rules for BNs has barely begun, and will be a fertile future topic. However, we
can make some preliminary comments on the significance of our results here, regarding whether to use
(or how to combine) (i) human evaluation vs automation, (ii) prevalence vs rating, and (iii) whole
models vs parts.

One BARD configuration is to use a human facilitator, who can choose to use informal, flexible
amalgamation methods, e.g. encouraging further discussion between participants on points of
disagreement, and hopefully judging when a consensus has formed. Traditional BN elicitation uses a
BN expert here, whereas BARD is designed to reduce this human resource overhead by using a
facilitator who has no more BN expertise than the analysts. But an alternative BARD configuration is to
dispense with a human facilitator altogether, and use only automated methods. This relies on formal
amalgamation rules that are clearly and precisely specified.

The whole-model prevalence-based rule (1.1) accept the majority answer would not have
succeeded amongst our participants, since no whole model commanded a majority after Round 2.° This
outcome becomes more likely as the complexity of BN answers increases. The weaker rule (1.2) accept
the modal answer would have successfully chosen the gold-standard answer in both our test problems.

However, it is similarly vulnerable: with complex outputs and small samples of responses, there is a

® Across our group of participants as a whole, so if real groups had been formed from our participants, on average there would
have been no majority of a single model in these groups.
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high risk that no single answer will form a high proportion of the responses — indeed, every answer may
be different — resulting in either a poorly-supported decision or none at all.

The whole-model rating-based rule (2.1) accept the highest-rated answer, or (2.2) accept the
highest-rated answer, provided it is above a minimum quality threshold, would also have successfully
chosen the gold-standard answer in both our test problems. Furthermore, participant ratings of other
Round 1 BNs appeared to be as good on average as revised Round 2 BN answers they provided
themselves. Advantageously, rating appears to be quicker and easier for participants than revising®®, and
even with complex outputs and a small number of participants there will usually be a unique highest-
rated answer informed by the sum of all participant opinions. So, this rule for selecting a whole model
may well be just as accurate and more reliable than the prevalence-based rules listed above. For the
purposes of CREATE assessment, BARD provisionally adopted rule (2.2).

Compared to revising, rating does have a drawback: it only allows participants to choose the best
answer available in the previous round, whereas revising allows participants to find an even better
answer (if one exists) in the current round. The more complex and difficult the BN is for participants,
the more likely it is that initial answers will differ on some points, and that at least one participant will
do even better in the next round. However, in such situations it is unlikely that many participants will
propose exactly the same improved BN in the next round. So, whole-model prevalence-based rules will
be unable to immediately select this improved model; it will only be of benefit if there is another round
for other participants to endorse it. Hence, the arguments for rating will eventually apply: in earlier
rounds, it may be better to ask for revision; but if initiating the final round, then it is better to ask for
rating. As usual, the number of rounds should be guided by the likely difficulty of the problem for
participants, the diversity of their answers, and the amount of change the latest round has produced.

Part-model approaches, which select components of a final answer, have some advantages over
whole-model approaches. Given that BN outputs can be complex with a very large number of possible
whole models, simply choosing the best whole model from the small set provided by participants — even

after revision in Round 2 — may have relatively low discriminatory power. If good choices can be made

10 We have no experimental data to confirm this, or estimate how much easier. We do know, however, that both rating and
revision require similar comparative assessments of model quality, while rating requires far fewer physical actions.
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about parts, and these components assembled into wholes, then this may produce a different and better
group model than any of the individual models offered. For example, the part-model prevalence-based
amalgamation rule (3.1) accept every arrow that appears in the majority of responses would have
successfully selected the gold-standard responses to both of our problems after Round 2.

Part-model approaches do have their drawbacks: principally, the risk that the composite result will
be inconsistent in some holistic way. Most obviously, models assembled from individually approved
arrows could contain cycles. But the low rate of reversal errors we observed suggests that cycles would
rarely occur, and in any case, a slightly more complex rule (3.2) could automatically detect and reject
cyclical models in favour of similar acyclical alternatives (in a similar way to automated constraint-
based causal discovery algorithms, see (Korb & Nicholson, 2011). Nevertheless, the composite model
may be inferior in some less obvious way, and it would be more reassuring if there was some human
oversight of the final product. An attractive synthesis is for a popular-parts model to be automatically
constructed from participant answers (a kind of interim aggregation) and included alongside these
individual answers for participant evaluation, at least in the final round. This allows the wisdom of the
crowd to be applied to individual components and also applied to reviewing the composite result.

Finally, the lack of correlation between the quality of participants’ own answers and of their
ratings for others’ BNs suggests that both sources of information should also be combined in some way
in the amalgamation procedure. Combining all the points above might produce, for example, the rule
(4.2) if answer diversity is high, then conduct another round of revision; but in the final round, select a
group model as follows: (a) automatically construct an additional acyclic model based on the
prevalence of parts, (b) exclude outlier models with many arrows in unpopular directions to keep the
number of candidates manageable, (c) ask all the participants to rate the candidates, and (d) select the
highest-rated model provided it has a rating above a minimum threshold. Plausibly, (a) and (b) would
enhance the current BARD amalgamation rule which consists of (c) and (d) only, but empirical testing

is clearly required.

5 Conclusions

Causal BNs have become a common Al tool to help humans overcome their well-known difficulties
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with probabilistic and causal reasoning, and hence make better decisions under uncertainty. However, a

major barrier has been the lack of validated methods and software support for groups to build BNs

collaboratively, including the amalgamation of diverse opinions into a single group product —

particularly if unassisted by a BN expert or human facilitator. Plausibly, the Delphi process can play a

central role in the solution, but its effectiveness for various construction steps has been largely untested.
In this context, our novel contributions are:

e We applied a Delphi-style process to amalgamating non-expert opinions about BN structure, in a
context where most group members produce high-quality answers but a significant number of
errors are made.

e In confirmatory analysis, we found that (i) individuals who viewed the other answers significantly
revised and improved the quality of their own answers, and (ii) when these individuals rated the
other answers, the answer they rated most highly was significantly better quality than their own
initial answer. Since rating is quicker and easier than revising, we suggested that BN
amalgamation algorithms may be more efficient if they sometimes use rating (e.g. in the final
round) rather than exclusively using revising (as in the traditional Delphi approach).

e Methodologically, (i) we demonstrated the cost-efficient SGRP method for testing a Delphi-style
approach, which we can now apply to any of BARD’s four BN construction steps, and (ii) we
presented novel visualisations for understanding patterns in sets of BN-structure answers.

¢ Inexploratory analysis, we found that (i) improvement was spread widely among participants and
across all major error types; (ii) participants who gave worse initial answers were not significantly
worse at correcting each error (hence such participants made more corrections in total, which
reduced the variation in participant scores) and not significantly worse at rating the answers of
others; (iii) all ‘majority’ arrows after both Round 1 and Round 2 were part of the gold standard
answer, and after Round 2 they provided the complete gold-standard answer (even though the

majority of individual participants did not give this answer).

This is a fertile area for further work. The most immediate extensions are to manipulate variables

that were held constant in this experiment but, as discussed, might well alter the efficacy of our Delphi
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process and provide more insight. One is problem difficulty (relative to training), and another related
variable is the quality and frequencies of peer answers. In particular, we would like to manipulate the
frequency of the gold-standard answer relative to alternatives. Varying gold-standard frequencies can be
obtained naturalistically by varying the difficulty of the test problem, but an advantage of SGRP is that
we can hold the test problem constant and only vary frequencies in the stimulus set. Extending the
Delphi process in the ways described above can also be tested within the SGRP framework and may
well prove powerful. Automated amalgamation algorithms can be tested post hoc, as here, or used to
generate interim group models as part of an enhanced Delphi process. Finally, we would like to vary the

modelling task to measure the efficacy of our Delphi process for other BARD Steps.
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Supplementary Materials

Details of the stimulus materials can be found here:

https://tinyurl.com/StructureDelphi-Supplements
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