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Abstract
Situationawarenesss akey construct in human factors and arises from a process of
situationassessmerfBA). SA comprises th@erception of informatiorits integration with
existing knowledge, the search for new information, and the prediction of the futerefsta
theworld, including theconsequencesf planned actiongCausal models implemented as

Bayesian etworks (BNs) are attractive for modelling all of these processes within a single,
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Modelling human situation assessment

unified framework. Weeliciteddeclarative knowledgiEom two Royal AustralianAir Force

(RAAF) fighter pilots about the informatiosourcesusedin theidentification (ID) of
airborneentitiesand the causal relationships between these sourbissknowledge was
represented in aMB (the declarative modelhatwasevaluaed against the performancg19

RAAF fighterpilots in a lowfidelity simulation.Pilot behavioumwaswell predicted by a
simpleassociativenodel(the behavioural modghwith only threeattribuesof ID. Search for
information bypilots was largely compensataapd wasearoptimalwith respect to the
behavioural modelTheaverageevision of beliefs in response éwidence was close to

Bayesian hut there was substantial variability. Together, these results demonstrate the value
of BNs formodellinghumanSA.
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Introduction
Situation assessment (SA)

Situation awareness a key construct in human factofswidely adopteddefinition of
situation awareness "the perception of the elements in the environment within a volume of
time and'space; the comprehension of their meaning, and the projection of their status in the
near future” (Endsley, 1995a)/hile previous researc{iraylor, 1989; Endsley, 1995b;

Durso et al., 1995; Adams, 1998)s focussed on the assessment of situation awareness as a
state of knowledgehe degyn of sociotechnicalsystems and training to support good

situation awarenessould benefit from a better understanding of the cognitive processes by
which situation awareness generated (i.esituation assessmer8A), and how thee
processesateract withgeneraknowledge, including causal knowledge and doctrine, and
decision making.

SA is primarily a process of inferring the state of the environment from the available
evidenceln the fog of war, this evidence may be partial, uncertain and/or deliberately
misleading.SA comprisesextracting information from the environmeirttegrating this
information.with/relevant knowledge to create a mental picture of the current situation, using
this pictue to'direct further perceptual exploration in a continual perceptual cycle, and
anticipating future eventgDirectorate of Defence Aviation and Air Force Safety, 2010). An
integrated framework for situation and decision assessment would also inclutentiieg
of interventions and the prediction of theffects (Fig 1; adapted from theerceptual cycle
of Neisser, 1976). The obsereveentdecideact (OODA) loop(Boyd, 1995) commonly
adopted by the combat aviation commuistyn alternateescription although it conflates
the search and intervention cycles. Both the OODA loop asdédhneral framework are
however, underspecified with respect to the nature of relevant knowledge struutures,
searchor informationis directed, how knowledge is reedin the light of new information,
and how.interventions are planned.
| nfer ence using:causal models

Peoplenaturallymake sense of the world by constructing causal mental models of
generativesprocessesthin it (Gopnik et al., 2004; Sloman, 2005). Causal models support
both predictive,and diagnosiitference Predictive inferencés performed by propagating
from observedtauses to expected effed®agnostic inference is performé&wm observed
effects back to potential caus€ausal models can guide the search for new information in
the environment by specifying thalueof differentinformation sourceCausal models also

support decision making wherepyoposed interventions are conducted (mantal or
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computer)simulatian of the model antheir effects argredictively inferred Sloman, 2005;
Sloman & Hagmayer, 2006; Hagmayer & Sloman, 2009; Korb et al., ZDkig)is
consistent with the mental simulation of possible actionsdpgrienced operatois
unfamiliar situations during naturalistic decision making (Klein, 1998).

Causal models may be implemented as Bayemamorks (BNs) where the strengths of
the causalrelationshipsespecifiedas conditional probabilities and the revisiorbefiefs
occurs according to Bayes’ rule (Bayes, 1763). BNs perform optimal inference under
conditionsgof uncertainty (Pearl, 2009) ahdreforeprovide a corputational level of
description (see Marr, 1988j the inference task to be performed by humans because they
define the'normative mappings of information. Given the repdat&hility of human
inference(e g4 Tversky & Kahneman, 1974), BNs have been proposed for use in
computerised decision aids f8A in military commandand contro(Das, Grey &

Gonsalves, 2002; Bladon, Hall & Wright, 2002)
Situation and decision assessment with BNs

BNs are attractive dsorking modelsthatsupport allof the processes of SA (i.e.,
observationgrevision of knowledge, directed search, and the plannimgrentions)
within a single,.unified frameworkn a BN, variables relevant to the domain are represented
as nodesd.g.,Fig. 2a,boxes). Each node has a number of possible steteare meaningful
in the context.of the inferenc€ausal relationships between variables are represented by
arrows(arcs)and associatecbnditional probabilities. The structure of the model, including
the causal relationshipeflectsgeneral knowledge about the domain that may be
instantiated in a mral model. The distributions of prabilities across the states of the
variables (e.g.Fig. 2a,bars), represerteliefs about the current situation (i.e., situation
awareness As a scenario evolves and new information becomes available, beliefs
throughout.the model are revised according to Bayes' rule (Bayes,id 088gr to
accommaodate both new and gnasting evidence.

In this simpleexample (adapted from Neapolitan, 1990), general knowledge edrout
mechanicsuisepresented by the model shown in Fig. Tdas model is admittedly
oversimplified in comparison to the mental models of most people, but is soffioi
demonstraterhew such models may be u$hkd.distribdion of probabilities represents the
prior expectatioabefore any evidence specific to a particlitmation is attaine¢e.g.,
batteries are charged and fuel tanks are not empty most of the time). An obsenehtam t
car does not stars ienterednto the model (Fig2b) ands integrated with existing

knowledgeto increasehe beliefs of both #at battery(5.0% t046.96) and an empty fuel
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tank (5.@6 t046.9%; compare Fig. 2a and 2b). To diagnose the problgenneed to search
for further information. Suppose we inspect the fuel gabgendicates there is fugFig.

2c¢). This new evidends also integrated with current knowledge to redsenward the

belief of an empty tank (46.9% to83%) and reviseipward the beliebf a flat battery

(46.9% t0"8:3%; compare Figs2c and 2b)Interventionsareplanned bysimulating a
counterfactual worlah which the intervention is conductedd observing the consequences.
In this example, a proposed interventtorcharge the battery (Figd)is expectedo

increase the prability that the car will start

The presenstudy examined whether SA by experienced military pilots could be
modelledby.BNs In particular, the following questions were addressedthe knowledge
structuressupportin§A causalHow does knowledge direct information search? How is
new information integrated with existikgowledge to revise beliefgdthough not
examined here, this framework may also be applied to examine how interveméons
planned(cf., Fig. 1).

This studyexamines what is perhaps the most fundamental of inferences made by
military persennel; i.etheidentification (ID) of entities as eitheriendly, neutral omostile
First, we conducted a task analysis of airborne threat ID by fighter ipilatdefensive
counterair scenario. This analysiscluded the relevant sources of information, including
context and data from cockpit systems. From this task analysis, we generated a causal BN
model of the 1D task. We then validated this model by conducting didi@lity simulation
that required fighter pilots to perform ID (without the support of other entitis &
Airborne Early Warning and Control). Search for information by the pilots, aird the
evolving inference of ICare first presented descriptivedynd then modelledy a secongd
betterfitting BN model.

M ethods
Domain elicitation from subject-matter experts

Two experienced F/A-18 pilots from the RoyalsiralianAir Force (RAAF)participatel
in structuredsinterview in orderto elicit the variables relevant to the task of identifying
airborneentities includingcontextvariablesand evidence available from cockpit systems.
The possible'states of each variable thatmweaningful to the pilots in the context of the
task and he presence of causal relationships between these vamaiesalso elicitedThe
pilots thenjointly estimatedhe probability of observingach state of a variable for each
combination oftates of anyvariableshatweredirectly causal to it The declarative model is

defined by theelicited structure and conditional probabiliti@sig. 3). Preliminary validation
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of the declarative model was conducted in a serieda@imal scenario walkthroughs with
the two pilots from whom the model was elicited and one other experiensel8 pilot
who had visibility of the modelThese scenariovalk-throughs were conducted by
sequentially setting node statifshypothetical scenariaad evaluating the model’s
inferencerofDfor sensibility Some minor adjustments were made topdaameters (i.e.,
conditional probabilities) of the modsd thatinferences of ID by the model weas
expected.

Simulationiexperiment

We investigated whe#énthe skilled behaviour gfilotsin a simulated cockpit
environmen{Fig. 4) was consistenwith the declarative modellicited during interviews
Twenty scenarios were generatgdprobabilisticsampling fronthe declarative modeRs
thismodel represents the declarative knowledgeubfect matteexpertsthese scenarios are
expected to approximatesample of realvorld circumstancesA limitation of suchsampling
is that only common scenarios are expected to be represented in a small sample. We therefore
generated'an additional nineteen scendnyosxperimenter selection of node states other than
ID. One of these'scenarios was selected to be highly aoisdgetween hostile and neutral
ID. The othersveregeneratedn pairsthat differed bythe state o& single node, where the
changelin that'node resulted in a large change in infidrethese scenarios sometimes
includedrare.anéor conflicting evidence.

Except for ID the state of each nodtentified in the declarative modelsmade
available to the pilots upaheir requestThis information was presented ecologically in the
form of asimulated cockpit display. The pilots didt have access to the structure
conditional probabilitiesr inferences of the model. The pilots' task was to identify
unclassified airborne entitiéom contextinformation available in a pritight brief and from
evidence available frorieir cockpit systemsCockpit-sourced information was only made
available.to.the pilot upon request by a mouse click. Pilots were instructeddio saeh of
sevenavailableinformationsourcesn the order of perceived utility for inferring ID. In each
step of a seenario, pilots selected a source of information, andhtheated their revised
belief withsegard to IDby moving a mouse cursor withirtréangle in the top centre of the
display. The&degree of belief in a particular state of ID (friendigstile, or neutralither
civil or military]) was indicated by positioning the cursor in relative proximity tosgréices
of the triangle The probability distribution of the belief indicatedthe cursor position was

also presented numericallVhis sequential search and response allowed the development of
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pilots' beliefs about ID to be tracked as evidence was accrued and integrated throughout a
scenario

Nine current F/A-18 pilots from RAAF Squadrons 3 andwith from 300 to 2400 hours
on type) completed twenty scenarios genergtexbabilistically fromthe declarative model.
Another tenecurrent F/A8 pilots from RAAF Squadrons 3 and Tvith from 200 to 2500
hours on type) completed anotimimeteen scenariob total, there were 2960dgments of
target identity, where each judgement required pilots to state the degrees to which the
believed the target to Beendly, hostile and neutral.

All pilots.gave informed consent. The experiment was given ethics approval by the Chief
of Air Operations Division, BfenceScience and’echnology Organisatioim accordance
with national guidelines.
M odel selection

Thegoodness of fit of the declarative modethe pilot responses was assesbgd
calculating theKullback-eibler (KL) divergence of the model predictions from the pilot
responseXL divergencds equivalent to the average negative log likelihood (Shlens, 2014)
andvaries frem.zero for perfect agreement to infin@yven that people often had#fi culty
in estimating probabilities (Tversky & Kahneman, 1974¢ also assessed a motitelt
retained the structural form of the declarative modelebtimatedhe conditional
probabilities fronthe pilot responses using expectatinaximisation The ability of this
model to predict pilot responses was assessed by calculating the average KL divergence in a
5-fold cross validatiortKL ). Each model was trained on 80% of the data and tested on the
remaining 20%. This was done five times with rotatbthe test data such that each datum
was represented in one test S@hcethe eightsuccessive search stepshin each trial (i.e.,
one pilot conducting one scenargre highly correlated, all data from a tnetre kept
together and includeid either the training or the test skt total, there were 370 trials.

We also.conducted an exhaustive search acrossrgdler modelsvhere each node
(except ID)ywas either present or absent. If present, it was assigned to the same causal tier
(i.e., context-orsevidence) as in the declarative model. We forced a link bdwéen
classification/and RWRethality when these nodes were bptasenin order to capture the
constraint thathe 'absent’ state was the same for these nodes. We also dtowed
inclusion of an additional node (PiJas a cause of I capture individual variation across
pilots. In total, 4096 models were compared. The ability of eatiesE models to predict

pilot responses was assesbgdalculating the averadgé. divergence in &-fold cross
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validation. The model thdtest predicted pilot responses is henceforth referred to as the
behavioural model. All BNs were programmed using Netica (Norsys) software.

Results
The declar ative model

The declaative model is shown in Fig. 3. Context variablesfmercialcorridor nearby,
lodged fight plan, $age inwar, currenthreatlevel) have a causal influenoae the type of
aircraft likely to be in the aifTheactuallD of thetargetresults in evidence that is available
from cockpit systems (e.g., identificationeind orfoe [IFF], radarwarningreceiver [RWR],
non-cooperativeargetrecognition [NCTR]) and from the behaviour of gmtity (radio
challenges,.group posture, group origin). Group origin is the location of the group when first
contact was madenot the location from which they took off.

The utility of eachof thesenodes for inferring ID is given by its mutual informationM])
with ID (Table 1):.Ml is theexpected reduction in the entropy of ID resulting frondence
for that node, and is dependant on the state of evidenother nodesThevaluesin Table 1
represenMl_with ID before any context or evidence is accrued.

It should.be/noted that as the declarative model was elicited from two subject matter
experts, it'is expected to approximate +walld circumstances, but may not represent them
with high fidelity. Extensive engeering data and/or realorld observations would be
required to generate a modleatis normative with respect to real world circumstandés
declarative model was used to generate evidenteeinty ofthe scenarios for the simulation
experiment.

Pilot responsesin simulation

The design of the simulation experiment akalpilots to revise their beliefs about ID as
additional evidence became available throughout each trial. An examplettagdietoryfor
a scenarias shown in Fig. 5. At step 0 (following the contextual information Jprthe pilot
did not revise.his belief from the uniform prior (i.e., equal probabilities of friendlyildos
and neutral)Astevidence became availallering his searcghhe pilot revised his belief to
be more ceaain-of neutralHe did not revise his belief in the last 2 steps.

On 53%oftrials, pilots did not revie their belief from the uniforrprior probabilities in
response to‘centexthere was variability in the order in which pilots searcheduidher
information, but a strong trend was observed for group posture, IFF, and group origin to be
searched first, second, and third, respectively, and for NCTR to be searched last)(Table 2

Pilot search was largelgompensatory in that participants generedlyised their beliefs

in response to each piece of evideden data were pooled across pilots, scenarios and
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search steps, pilot beliefs were revised on 76% of occa&ianh revision of belief can be
specified as a distanceovedin the responsspace. The KL divergence isreeasure of this
distanceand reflects thenformation abouperceivedD gained during eactevision. The
average revisioof beliefs was relatively small for step 0 following context information,
relatively-largerfor steps dnd 2, and then smaller ag#ater in the searcfFig. 6). The
average KL divergence of pilot beliefs differgidnificantlyacross step$(3.0,54.0) = 6.26,
p = .001,,°="26:

On a small number of trials, pilot search was non-compensatorypNitereached
certainty in_their beliefs during the course of some (on average 2.4) scenarios and did not
revise their,beliefs further. In the most frugal of these searches, |Dlagzssied friendly if
IFF was Mbde 4. According to thdeclarativanodel there is a probability of .28 friendly
ID if IFF is Mode 4 in the absence of other informatiNon-compensatory search was also
occasionally observed for hostile identifications. In the most frugal of these, ID was classified
as haetile if IFF was unrsponsive, group origin was $tile airspace andrgup posture was
aggressive, According to the declarative model, these states result in a fiyoblSié of
hostile IDin.the.@absence of other information.

Thefinal,belief ofeach of thenine pilots at theendof the 20scenarios generated
probabilistically from the declarative modelsisown in kg. 7 (crosses)Pilot beliefs were
highly consistent for some scenarios (e.g., scenarios 15 and 20), but differed greatly for
others, despita uniformtraining syllabus and access to the saroatext ancevidence.
Variation in pilot belief was mainly along the friendlgutral or hostileneutral axs. It
should be noted there was no 'tiiein these scenarios. Rather, the available evidence was
consistent with friendly, hostile, and neutral ID to differing extents asateti by the
declarative model (see below).

Of particular interest for understanding friendile incidents, there wertvo scenarios
(36 and 38where there was substantial variation in pilot respaesass the friendinostile
axis(Fig. 8)*The'node states for these scenarios are shown in Jaliescenario 36, one
pilot responded81 probability of hostile ID and another responded .83 probability of
friendly ID«The pilot responding hostile made an early judgemedgbrobability of
hostile due te.an unresponsive IFF and did not revise his beliefs further. Thegutmdang
friendly initially respondedd6 probability of friendly due to defensive group posture. This
was revised downward to .57 probability of friendly upon receipt of an unresponsive IFF, but
subsequently revised upward again. Similarlygdenario 38one pilot respondedith .90

probability of hostile ID and another respon@e80 probability of friendly ID. The pilot
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responding hostilenade an early judgement of .89 probability of hostile ID when presented
with an unresponsive IFF and did not reuisatbelief when presented with further
information The pilot responding friendly initially responded aroundp8tbability of
hostile ID until the last step whereayp origin was found to bieiendly airspace, resulting
in a revisionrofbelief to90 probabity of friendly ID. For each scenario, the context and
evidence were consistent with a high probability of friendly, as indicated by theadizela
model (Fig 8; open squares).
ModellingiSA

We investigated whether SA by pilots could be well descriped BN. In doing so, we
acknowledge that revisions bélief by pilots donotnecessarilgonform to Bayes' rule.
Modelling of pilat inference with a BN has a number of advantages. First, the 2960 observed
judgments of IDéach with 2 degrees of freedpoan be reduced to a smaller number of
model parameters. Second, the ability of pilotdisariminate betweetheir cognitive
categories of friendly, hostile, and neutral entities may be estimatedHfaboftthe model.
Third, information searcipilot beliefs, and the revision ¢iiose beliefs may be evaluated
against those.of'the model. It should be noted however that suclwélBily performthe
correct inferenceto the extent that pilots make the correct inference

We recordedhe search choiced eachpilot andtracked his beliefthroughout each
scenario (Fig5). For each combination of pilot and scenario, we providedebtlarative
model with the samerder ofevidence as that selected by the palotl tracked the beliefs of
the modelFig. 7 shows the final beliefs of the declarative model from which the scenarios
were generated (open squardsy.described above, this model is expected to loosely
approximate realvorld circumstances because it is based on the judgmeoitsydivo
subjectmatter expertOn average, pilots responded similarly to the declarative model for
about half'ef the scenarios, but for others there was a large divergence (e.g., scenarios 9 and
11). The ability.of the declarative model to predict inference of ID byptlods was
evaluated by-ealculating the average KL divergence of the model responses from the pilot
responses=acress pilots, scenarios and search steps (2960 obserVhgates)larative
model had-only a moderate ability to predict pilot responses in the simulation ateddy
an average Kl.divergence of 0’58nother measure of the agreement between model
predictions ad pilot responses is the intfass correlation for absolute agreement. This
correlation was .71, indicating a moderate agreement between ID probahiétiester by

thedeclarativemodel and the responses of fietsin the simulation.
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We evaluatedanother moddhatretainedhe structureof the declarative model, but
where the conditional probabilities were estimated from pilot performaiecavoid over-
fitting the data, the ability of this model to predict pperformancevas assessed in ad&d
crossvalidation. The average KL divergaenof there-parameterised mod&bm thepilot
responsewas0:2Q This is substantially lower than for the declarative madédicating that
pilot behayiour did not conform to the probabilitediited forthe declarative model.

We also tested modetisatdifferedin structure from the declarative modehere each
node (except ID) could be either present or absent. If present, it was assigned to the same
causal tier (i.e4 context or evidence) as in the declarative nmfadeldditionalcausahode
(Pilot) was allowed to account for individual variation across pilots. An exhaustive search
was conducted acroal models meeting these constraints. Each of these models was
evaluated by 5-fold cross validation. Tibehavioural model (Fig. 9) is that which had the
lowest KL divergencef model predictions from the pilot responses (0.14). The citiss
correlation coefficient between model and observed probabilities of ID was .86tingfle
good absolute agreement between the model and the pilot beliefs. The final behiefs of
behavioural.medel are shown as open circles in Fig. 7 and show a similar distributien to t
pilot beliefs:

The behaviouramodel is essentially a naive Bayes mddiétchell, 1997) with three
independenatiributesof ID (IFF, goup posture, group origin). The link between Pilot and
ID allowsfor individual differences in thprior beliefof ID (i.e., in the absence of evidence;
Fig. 10). The relationship between ID aitsithree attributes is the same forilbts’. The
behavioural model hasfBe parametensnique to each pilot and anothertBatare common
across pilotsThe utility of each node in the behavioural model for inferring ID is given by its
MI with ID (Table 4). These scores are considerddlyer than the corresponding scores for
the declarative model (Table 1).

Until now,. we have describexhd modelledhe distribution of inferences of ID,
conditionalronithe context and evidence. We can use the behavioural model to invastigate
more genetregquestion: How well could pilots discriminate between their cognitive categories
of friendly;sh@stile and neutralkcross theange of possiblscenario We simulated.00 000
friendly, hostile,and neutral entities in the behavioural model to generaenegi{iFF,
group origin and group posture) and then examined the recovery of ID sgrtieenodef.

While the majority(i.e., 56.9 %of friendly, 50.8% of neutral, and 70.% of hostile cas@f
inferred IDs were correct, there were a substantial nuofiecorrect inferences, including

some with high confidence (Fig. 2Dbnly the first 300 cases are plotted for clgrityf
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particular interest).14 % of friendly and neutrahtitieswereinferred with high confidence
(> .9 to be hostile and.6 % of hostile entities were inferred withigh confidence (> )Xo
be not hostile.

I nfor mation search

Knowledge'may be used to direct sedmhinformation by specifying the utilities of
each of the search optiosccording to the behavioural moddhgetutility of any source in
inferring ID"1s reflected byhe MI of that sourcewith thelD node. According to the
behavioural modelFF should be searched first. For some scenarios, group posture and
group origin,should be searched second and tteghectively For other scenarios, the order
of the latter.twasourceshould be reversed. feneralagreement with the model, thevas a
strong trend fogroup posture, IFF, and group origin to be searched first, second, and third,
respectively (Table)2 In the simulation, group posture was indicated by the tactical picture
in the radar displys and a by text label. While group postwess less informative about
perceivedD than was IFFit enabled pilots to orient themselves at the beginning of each
scenario.

We investigated the relationship between an information source's Ml with ID and the step
in which it'was selected during search. On average, early search steps interrogated sources
with higher MI"than later step@-ig. 12 pilot choice)F(2.6, 46.2) = 94.7p<.00171p2:.84. It
should be noted that a random search order is also expected to result in redubtions in
toward the end of the search where ID is more constrained by the evidence already available
F(4.0,72.7) = 2.84p:.03,;7p2:.14, Fig. 13 random choice)Crucially, there was a
significant interaction between Choice and SEf,1,55.4) = 57.4p<.001,;7|[,2 = .76,
indicating that pilots were sensitive to Mk a correlate of Mlin their search for
information.

The efficiency ofinformationsearch is reflected in the rate at which uncertgietyropy)
about ID.is reduced. We calculated the reduction in ID entropy at each search step,
normalisedtorthe total reduction in entropy of IDéach scenario (Fid.3). For
comparisonywe alsplottedthe reductions in ID entrophat would result from a random
search andraoptimal searchin optimal search, the remaining information source with the
highest MI'is'echosen at each step. For all search steps, the awshagt®on in ID entropy for
the pilot choice was higher than for a random cha{d®) > 2.66, p< .016. For only the first
three search steps was the average reduction in ID entropy for the pilotsigoifieantly
lower than for the optimal choicg18)>2.16, p < .045.
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According to the behavioural model, search should be non-compensatory, i.e., it should
be terminatedfger the interrogation of IFF, group posture and group origin with no
subsequent revision of beliefss discussed above, there was a strong trend for these sources
to be searched first, but pilots did revise their beliefs in the light of information from other
sourcegFig6):

Revision of beliefs

Bayes'rulgBayes, 1763) specifies how beliefs should be revised in the light of evidence.
This rule is expressed most simply if beliefs are expressed as odds, i.e., the ratio of
probabilities, of.two competing hypotheses.

Revised.odds = prior odds x LR of evidence
where LR s the likelihood ratio, i.e., the ratio of probabilitiesliferving the evidence
under each hypothesis. It is therefore possible to examine the beliefs (odds) separately from
the manner in which they are revised (the LR).

Odds(friendly/hostile and neutral/hostile pooleat)dLRs for pilotresponseare plotted
against those for the behavioural moddFig. 14.Consistent with the good fit of the
behavioural.medel to pilot beliefs discussed earlier, there was good absoluteeggreem
betweerthe,model andhe pilot beliefodds(intraclass correlatios .79). In contrast, the
absolute agreement between the model and the pilot LRs was lower (intcaciataion =
.51). Pilots demonstrated a large range of beliefs and large revisions of those beliefs, but the
model was more moderate, particularly for revisions of belief. That the rangeesf beli
revision by the model was smaller than the range of beliefs reflects the consistent nature of
the evidence within each trial, comparedhatacross trialsThat the behavioural model fits
the beliefs better than the revisions of balisfconsistent with maximising the likelihood of
the model, given the data (i.e., beliefs) during the learning of the model conditional
probabilities.

Discussion

It was'possle to elicit from pilots a detailed causal model of inference about the ID of
airborne entitiesT his declarativemodelhad a moderate ability to predict the behaviour of
pilots during‘a lowfidelity simulation.However, behavioural data was required in order to
develop morexobust modelsmfot behaviounn simulation As expected, the predictive
ability of the declarative model was improved when conditional probabilitieseséireated
from pilot performanceather than from elicitation in interview. This is consistent with the
hypothesis that people have difficulty in estimating probabilities upon which thewibeha
is basedTversky & Kahneman, 1974).
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Twentyof the scenarios weigenerategrobabilistically fromthe declarative model in
order tosample thexpected most commatenaris. In theory, this sampling may have
constrained the resulting behavioural model to share features with the declarative model
specificallythe covariances betwedhe presentedvidenceand/or context nodes. However,
the small'sample of 20 scenarrepresenta very small fraction of thdeclarative model’'s
scenario spaceWe minimisedthe potential for sampling from the declarative model to
constrain the behavioural model by limiting the number of scenarios sampled in rimsrma
and by including @econdset ofscenarios where node states waakected by the
experimenterFurthermore, pilots weteeptnaive with regard to the structuoenditional
probabilitiesand inferences of the declarative modéilat the behavioural model differed
substantially in structure from the declarative madeicaesthat sampling scenarios from
the declarativenodel did not overly constrain pilatferencesn thesimulation

Pilot behaviour wabestpredicted by a muckimple model in which ID wa#ferred
from only threeattributes(IFF, group posture and group origin). Tlsisggestthat the set of
variableshat was identified during elicitation to be important initiference of ID mg be
different to.that.which influenceskilled behaviour. Although pilotdid revise their beliefs
when presented with evidence from other souritey, did not do so in a consistent manner.
It is not/clear whether individual pilots were inconsistent in their use of the other information
sources, or whether use wasonsistent across pilotgV/ith regard to théormer possibility,
thedifferences betweethe declarativeand behavioural modemayreflect a difference in
cognitive load between interview and simulation. In an interview, pilots may take time to
consider all of the relevant variables and are able to use artefacts gpantaad paper to
reduce warking memory load (Hutchins, 1998)simulation orflight, pilots must keep
information pertaining to a task in working memory, which imposes a limit to the number of
variablesghatmay be considere@iller, 1956). That the behavioural model included four
variables (including ID)s consistent with other research showing a lohfiour variables in
the informationiprocessingf complex tasks such #seinterpretation of statistical
interactiong(Halford et al, 2005).

The design of the present task required pilotaa&e arinference ofiD following the
acquisition of each piece of evidence. This sequential sample/respond desigmakhliows
evidenceaccrued prior to a given search step to be summarised in dtpribis steppelief
of ID. On each step it is only necessary to considsiptiior belid of ID and the LR of the

new evidence, thereby reducing working memory ldtaid.not clear whether pilots adopted
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this strategy, or whethéney maintained representations of prior evidence in memory that
continued to influenctheirinference.

The best model of pilot inference was one basethree attributes of ID; IFFrgup
origin andgroup posture. However, this combination of attributes was not sufficiently
diagnostie tofully discriminatbetween cognitive categoriesfaendly andhostile ID. In
practice military personneperform ID ofentitiesusing legally binding decision trees (rules
of engagement; ROEhatdefine necessary conditis for intervention. It is likely that pilot
inference in the present study was guided by considerations of ROE because thesattribute
captured by,the behavioural model, and those considered in instances of non-compensatory
search, comprise a subset ohditions normally associated with hostile intent; i.e., the
adoption of'an attack profile, the targeting of weapons, and the failure to respond to verbal
and/or electronic queries, e.g. from IFF (Cole, Drew, McLaughlin & Mandsager, 2009). In
addition to the modelling of pilot behaviour, BNs may also prove to be useful in refining
ROE providedsufficient dataareavailable to generate normative maxi#i reatworld
proceses

A hypothesis’of this study was that people generate causal mental models of generative
processes in the wortlat support predictive and diagnostic inference (Sloman, 2005;
Sloman'& Lagnado, 2015). However, the problem of inferring ID from sources @&mnead
may alternativelybe considered a problem of categorisation on the basis of a number of
attributes. Psychological models of categorization are based on similarity to exemplars of
categories.in memorfAnderson, 1991) and depend on associative ratlaercausal
relationships (seKruschke, 2008, for a review). Exemplaaised categorization may be
modelled by nalv8ayes classifiersvhere the category node is directly causal of all attribute
nodes (Danks, 2014)he naiveBayes architecture of the behavioural model is therefore
consistentwith the possibility that pilots performieférence of ID as a tasif associative
categorisation, rather than one of causal infereflcerefore, although causal models were
found to be'suceessful in predicting piioterence of ID we camot conclude that tlhe
mental modeilsor this task were causal.

While wecannot conclude thatference about IDvas based on caugaiasoningit
remaindikely‘that prediction and decision planniagebased on predictive and
counterfactual reasoning usingusal models. In other words, it is possible that while
inferences relating to questions of "who" or "what" may be made associativelyrelaisey
to questons of "how", "why", "what next" and "what' mayrequire causal knowledge.

Further research is required to examine whetheseother inferences, for example
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prediction of the consequences of planned actions as in naturalistic decisiog (kddin,
1998), are supported by causal mental models.

The judgment and decision making literature has a long history of evaluating the
rationality of human inference. People commonly depart from logical or statisticuracy
in their judgements, instead demonstrating a range of biases and heuristics (e ky,& vers
Kahneman, 1974). While these have been interpreted to reflect limitations of judgeme
more recent research couches heuristics as potentially adaptive when environments are
uncertain(@igerenzer & Gaissmaier, 201T)here is also a growing body literaturethat
suggests that, on average, human judgenimastconform torational statistical principles
(Gigerenzer. & Hoffrage, 1995; Oaksford & Chater, 2007; Griffiths, Kemp & Tenenbaum,
2008, but see'Jones & Love, 2011; Rottman & Hastie, 20d}lo not assert that the pilots
were Bayesian‘reasoners. Indeed, the common fatlurevise prior beliefs on the basis of
contextand evidenceepresenheglect of thédase rate (Tversky & Kahneman, 1974) and
conservatism obeliefupdating (Phillips &dwards, 1966)Neverthelesgilot beliefs were
well described by the Bayesian behavioural mod#lile this model is a Bayesian model, it
makes no claims about the optimality of pilot behaviour with respect to the world, given it
was not populated wittealworld data It thus represents a descriptive model rather than a
normative, or rational oneséeTauber et a.2017).

Gigerenzer-et a(1999) have reported that people commonly do not consider all available
information when making decisions but instead adopt 'fast and frugal heuwsigrs' search
is based on only a subsetthe availablenformation.This is particularly sander conditions
of time pressuréRieskamp & Hoffrage, 2008) or when the cost of gathering information is
high Broder, 2003)If the information is considered in order of decreasing validity, i.e., the
probability that the cue identifies the correct decision, the resultingateamsy be close to
optimal and heuristicdeveloped on small data sets generalise welet datgGigerenzer
et al, 1999)..In.the present study, pilgesnerallysearched information sources in the order
of decreasingitility, as reflected by mutual informatievith ID. This is generally consistent
with the direction of search by cue validity (Gigerenzer et al., 1998)e succegdiNewell et
al., 2004).Search by pilots resulted in a negotimal rate of reduction in the uncertainty of
ID. However;in.contrast to fast and frugal heuristics, search was generally found to be
compensatory. That ibeliefs seldom reached certainty during the course of a scenario and
pilots often continued to revise their beliefs until all available exdddhad been exhaustdd.
should be noted that while pilots in this study were instructed to perform an exhaustive

search, they were free to revise or to not revise their beliefs at each seargbrstep.
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research is required to determine whether pilots adophacompensatorntrstegywhen
given the option to selierminate search

As cited in the Introduction, BNs may provide aids to human inference whetteegdo
world data existée.g., Das, Grey & Gonsalves, 2002; Bladon, Hall & Wright, 2002)
Bayesianmodels of expert behaviour naégoprove to be useful in training for good
inference While declarative domain knowledge may be culturally transmitted by explicit
instruction, tmplicit knowledge must be gained by experience. It may be possibjgdsent
the domain knowledge of experts in a BN and to train that BN on their behavioural
inferencesTheresulting model could then be used to train less experienced people,
particularly,in cases where reabrld experience is limited or costly to obtain.

The piletsinithis study, including those from whom the declarative model wisdlic
had a range of‘expertise from 200 to 2500 hours on tieof interest to determine whether
there are systematic differencekimowledge andnhference betweaeexperts antess
experiencegbilots. Unfortunately, the complexity of tbescenarios required substantial data
to developrobust models atttere were insufficient dat the level of the individual pilon
this studyto.be.able to performobustcomparisos across individualsThis is the topic of
ongoing research.

In conclusion, the present study demonstrates the potential of Bayesian networks to
provide a unified andoherenframework for the study of expert knowledge, information
search and inference in complex environments. The framework also lend®itkelstudy
of prediction and decision making in complex environments, although these were not

examined in the present study.
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Footnotes
1. For comparison, the KL divergence of a null model geaerated random responses that
were resampled:from the distribution of pilot responses was 0.74.
2. We alsao-examined modélsatallowed for (i) individual differences in the relationship
between ID and each of the evidence nodes, and (ii) interactions between the ewidesce
by reversing the direction of each of the arcs from ID to the evidence nodes. Thisdnpa
the predictive ability of the model.
3. The pilot:nede was also sampled in this process.
4. The entrepy«of ID is the Ml of ID with itself.
5. The small'number of scenarios may have constrained the behavioural moeletehsive
sampling 6f scenarios was not practical.

Figurelegends

Figure 1. Proeess model of situation and decision assessment (adaptetddrperceptual

cycle ofINeisser1976.

Figure 2. SA using an example BN. (a) Simple causal model representing general knowledge
of car mechanies. (b) Evidence that the car does not start revises upward the beliefs of an
empty fuel'tank‘and a flat battery. (c) Search for further information is dirbgtéhe model.

The fuel gauge indicates not empty, revising downward the belief of an empty tank and
further upwardthe belief in a flat battery. (d) A planned intervention to charge the battery is

inferred to'increase the probability oktbar starting.

Figure 3. Declarative model of entity identification. The structure of the model repsese
generalcausal knowledge about the domain, and the distribution of probabilities (bars)
represents beliefs about the current situation. Contedes (with arrows into the 1D node)

are causal of the entities airborne (ID noad)jich are in turn, causal of evidence available to
the pilot (with arrows fronthe ID node).
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Figure 4. Schematic of the lowidelity simulation of F/A18 cockpit. Contextvas given in
the pre-flight brief (bottom left). Group posture was shown graphically on thedesgéays
(left and right), on the map page (bottom centre) and in text in the radar azimuth/range
display. RWR classification and RWR lethality were shown on the RWR display (bottom
right). Otherevidence was shown in text (upper rightjividual pieces of evidence were
revealed sequentially in response to pilot requrkits indicated their current belief about

target ID by moving the cursor in the resperriangle (upper centre).

Figure 5. Example of a pilot's belief trajectory during the course of scenario 13. F=friendl
H=hostile,'N=neutral. The search steps are numbered with O being the belief from the context

only.

Figure 6. Histogram of the KL ivergence of pilot beliefs at each search step. Error bars
represent standard errors of the mean, corrected for the repesdsdres desigiCousineau,
2005).

Figure 7. Final.beliefs of 9 pilots (crosses), the declarative model (open squares) and the
behavioural'model (open circles) for the 20 scenarios generated probabyitaralithe
declarative medel. F=friendly, H=hostile, N=neutral.

Figure 8. Final beliefs ofLO pilots (crosses) and the declarative model (open squares) for

scenarios 36 and 38. F=friendly, H=hostile, N=neutral.

Figure 9. The behavioural model.

Figure 10. Distribution of prior beliefs of ID across pilots in the behavioural model.

Figure 11. inference by the behavioural model where the simulated ID is (a) friendly, (b)
hostile, or(e) neutral. For clarity, only three hundcedes for each ID tymge shownThe
simulated IDvis,indicated by underlining the F, H, olalel The lines within the triangles
indicate classification boundaries.

Figure 12. Plot of the MI between the information source chosen at each search step and ID.

Error bars represent standard errors of the mean, corrected for the repeasedes design.
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Figure 13. Plot of cumulative reduction in ID entropy at each search step. Error bars

represent standard errors of the mean, corrected for the repsadsdres design.
Figure 14+ Scatterplot of (a) pooled odds of F/H and N/H, and (b) pooled likelihood ratios of

F/H and NH for pilot responses against behavioural model responses. Values greater than

one favourfriendly or neutral and values less than one favour hostile.
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Table 1.

Mutual information of each node in the declarative model with ID (in the absence of

evidence).

Information source MI with 1D (%)
IFF 46.7
Group (origin 18.5
Group posture 14.7
Radio challenges 14.1
RWR classification 10.3
RWR lethality 8.4
Current threat level 7.2
NCTR 15
Stage in war 1.4
Lodged.flight, plan 1.0
Commercial corridor nearby 0.01
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Table 2.
Proportion of scenarios pooled across pilots in which each information source was

inspected in each step.

Source 1 2 3 4 5 6 7
Group posture .82 12 .01 .05 0

IFF A2 .62 19 .04 .03

Group origin .06 19 48 .10 15 .02 .01
Radio challenge |0 .05 .05 .28 .16 27 19
RWR lethality 0 .02 .07 29 18 29 15
RWR classification| O 0 .05 A3 .38 21 .23
NCTR 0 0 .16 A3 .09 .20 41

Note: The largest values for each source and step are shown in bold. Where two

values are similarly large, both are shown in bold.
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Table 3.

Information states for scenarios 36 and 38.

Information source Scenario 36 Scenario 38
Stage in war Advanced Advanced
Current threat level Low Low

Commercial corridor nearby No No

Lodged flight plan No No

Posture Defensive Aggressive

IFF Unresponsive Unresponsive
Group origin Friendly airspace Friendly airspace
RWR lethality Absent Absent

RWR classification

Radio challenge
NCTR

Absent
Not issued

Neutral

Absent
Unresponsive

Friendly
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Table 4.

Mutual information of nodes in the behavioural model with ID (in the absence of

evidence).

Information source MI with 1D (%)
IFF 7.8

Group (origin 6.3

Group posture 6.0

Pilot 2.5
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