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Abstract

Gist extractiorrapidly processes globsiructural regularities to provide access to the general
meaning and global categorizations of our visual environngghe gist.Medical experts caalso
extractgistinformation from mammogramto categorizeéhem as normal or abnormaHowever,
the visud properties influencinghe gist of medical abnormalitgre largely unknown. It is also
not known how medical experts, @ny observefor that matter, learred to recognise the gist of
new categoies This thesis investigatithe processing and acquisitiof the gist of abnormality.
Chapter 2observedno significant differenceim performancebetween500 ms and unlimited
viewing time suggesing that the gist of abnormality is fullgccessiblafter 500 ms and remains
available during further visual prossing Next, chapter 3 demonstrated thaertain highpass
filters enhanced gistsignalan mammogramsat risk of future cancemwithout affecting overall
performance.These filtersouldbe used to enhance mammograrits gist riskfactor scoring
Chaptem CQraulti-session traininghowedthat perceptual exposure with global feedbask
sufficient to induce learning @& new gist categorisatioHowever]earning was affected by
individual differences andias not significantly retained aft&r10 days sug@sting that
prolonged perceptual exposure might heededfor consolidation Chapter 5 observed evidence
for the neural signature of gist extraction in medical experts acaasstwork of regionswhere
neural activity patterns showed clear individual differend@serallthe findings of thighesis
confirm the gist extraction of medical abnormaliég a rapid, globgirocess that is sensitive to
spatial structural regularitieAdditionally,it was shevn that a gist category can Hearned via
globalfeedbackbut this learning idard to retain ands affected by individual differences.
Similarly, individual differences were observed in the neural signature of gist extraction by

medical experts.
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Chapter 1liiterature Review

1.1 Introduction

In the medical field, categorization of complex images into normal and abndgreraimportant

first stepfor further diagnostics. Medical personnel performing this task are often described as
experts,suggestinghat theyinnatelypossess ohavedeveloped the specific capabilities

necessary to diagnose these complex medical imdgesnosing radical imageis a difficult

task, where an abnormality must be perceived and processed to lead to a decision. Indeed,
medical experts such as radiologists or &ytiists possess the extraordinary ability to view a
medical image and form a diagnosis. While pameaichinga diagnosis consfrom interpreting
clinical historyand symptomsthe main bulk must come from the perceptual information
gathered from the medial images, suggesting a large role for perceptual expertise. Interestingly,
medical experts frequently descrilexperiences wheréhey know that something is wrong with
amedicalimage, before they have performetdetailed search and decisianaking proess,
seemingly based on global information they perceived in the blink of an eye. This suggeats that
broaddistinction between normal and abnormal cases beachieved even after only a short
exposure. Thus, these medical imagaght contain aso-called gist signal, a general meaning or
categorization of our visual environment, which medical exparésable to extract through their

expertise.

Indeed, previous research has shown that medical experts can distinguish abfrmamalormal
casesafter rapidexposure to a medical imagEor example, radiologists achievéd% accuracy

in categorisingchest radiographs witfust 200 ms of visual exposu(&undel & Nodine, 1975)

which is not enough for visual search to take pladgs ability is not limited to chest radiographs,
asmedical experts were able to accurately rate the probability of an abnorniality

mammaograms and micrographs (cytologi)h abovechance accuracy with 250 ms exposure

time (Evans, GeorgiaBmith, Tambouret, Birdwell, & Wolfe, 2018)nder these conditions,

20 4SNISNA NBIFOKSR RQ LINM¥elposirE tinte LadhdNE. B withI5aD S &
Ya FT2NJ YFYY23INIYas O2YLI NBR dnorin&categorR@ionLINA Y S
during free viewing of a mammogram dataset under similar laboratory setftexgns, Birdwell,

& Wolfe, 2013) Thus, performance under gist conditions is lower than umdemal diagnostic
conditions with fullscrutiny, butmedical experts still showa surprisingly accurate perception of

presence or absence abnormalities when they view a medical image doty 100 to 500

.
Z

milliseconds. In this thesis, | will refertothi® A f A G & | & (i KBA SE (28 Q-Uohy22/NX

While medical professionals are perceptual experts in their specific fields, any human can be said

to possess a high level of expertise about their environmienbur daily lives, we are constantly
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exposed to complex visual environments, from which we need to rapidly extract relevant
features to guide our actions. Indeed, within-20 ms, humans can distinguish superordinate
categories, such as natural from marade environmentg¢Joubert, Rousselet, Fabidorpe, &
Fize, 2009)or even differentiate basic scene cateigs such as fields, forests, and rivéEseene
& Oliva, 2009)Similarly, broadategorisationsuch as the gsence or absence of an animal in
the scene are abovehance with 10 ms exposures, and reach a high accuracy wib #4ts
(BaconMaceé, Maceé, Fabr&horpe, & Thorpe, 2005Thus, humans can extract surprisingly
complex semantic and statistical information from rapidly presented scemedpgougo the

gist of abnormality extractedy medical experts.

Importantly, gist categorisatiotimeframes do not allow for detailed search of the image. Under
normal circumstances, the average saccade latency in adults i82ZDfillisecond (Darrien,

Herd, Starling, Rosenberg, & Morrison, 2001; Gezeck, Fischer, & Tib@@eé),This means that
gistcategorizationgan bemade without any eye movements, thus, the observer could not have
foveatedall the items in their environmentAndwhile attention can be oriented without moving
our eyes eithertowards a saccaderget preceding a saccade or while the eyes remain fixated,
selective attentiorthrough covert attentiorstill would not allowscrutiniation of multiple image
elementswithin the gist extraction timelineFor example, prsaccadic covert attentional shifts
occur approximately 50 ms beforehamahd still rely on a saccade to oc¢reubel, 2008while
covert attention during fixatioas estimatediwell timesbetween 25Q(Theeuwes, Godijn, &
Pratt, 2004)and 500 mgDuncan, Ward, & Shapiro, 1994)simplistic visual array$hus, there
mustinsteadbe some global, noselective process in plagehichshapes our first, splitsecond
impression wihout needing to direct selective attentioovertly or covertl(Wolfe, Vo, Evans, &
Greene, 2011)Indeed, this rapid recognition of categories of objects and scenes is thought to
occur via a process called gist extraction, which allows us to rapidly extract general information

about our visual environmerwithout requiring focused attention or prolonged exposure.

In this thesis, gist extraction is defined asodlectionof global, norselective visual processes

that extract structural and statistical regularities and spatial envelope properties ovevtibke
image to extricate the general meaning, or gist, of any image. The gist of abnormality is defined
as a specific type of gist extraction in which medical images are categorised into broad classes,
usuallynormal and abnormauspicious Combining thdindings in medical image diagnosis and
rapid scene categorisation raises the question of how medical experts dexttogr ability to
extract the gist of abnormalitywhich can bgeneralizedo the question of how human

observers learn the gist of amgw categoryThe main goals of this thesis are to further clarify
what factors influencehe extraction of thegistof medical abnormalityand to investigate the

learning ofthe gist ofa new categoy.
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This literature review will firstifurther substariate the definition of gist extraction used here

Then, neuroimaging findings will be evaluated to form an understanding of potential mechanisms
of gist extraction, through the timeline of processing and involved brain areas. Next, evidence for
parametersinfluencingextraction of gist of abnormality by mediatpertswill be reviewed in

more detail.Lastly, this chapter will outline the goals of this thesis.

1.2. Visual processes making up gist extraction

Gist extraction is likely n@ichievedhrough a singular process or mechanism. Instead, it is
thought to consist of @ollectionof visual processes, oceing conjointly to extract gistthat
share three key characteristicEhese processeshouldall be rapid, occurring with short
exposure times and reaction times; thelyouldnot require focusedattention; and theyshould

occurglobally on the whole imaggwith consequently dack of access tlmcation information.

Gist extraction is a combination oépid, nonselective, global processes that occur globally,
across the visual fieldProcessesnatching these three characteristican be divided in three sub
groups with different properties. Firstly, the extractionspfatial structural regularitiesyhich
summarize the patterns of spatial frequencies present in an image; Secondly, the extraction of
summary statisticof an ensemble of items, which are collapsed across an image; Thirdly, the
extraction ofbasic and intermediatdeaturesacross the wholeigsual field without focused
attention, which are not bound to locations or other featur@hesethree sub-groupsof
processesinderlying giswill be discussed in more detail belofel|lowed bya discussion of

attentional theories that can explain how gextraction occurs without focused attention.

1.2.1.Spatial structural regularities

Every image that we perceiveligilt up from textures in different orientations and spatial
frequencies, overlapping and together forming theage This also means than image can be
broken down into these spatial structural regularities. Detailed textural properties and their
orientations can be extracted from a sample image usiisgt oflinearbandpass filtersvith
multiple orientations and scaleaccording toa steerable pyramidtructure, and applied to
Gaussiamoise to create an artificial image that carries the same spatial structural statistics or
regularities as the sample imag@eortilla & Simoncelli, 2000nformation extracted from scene
photographsusingspatial filters withscaling constants matching tmeceptive field sizesf the
visual cortex area Mi2ased orfoveal fixationat the centre of the scenean be applietb
Gaussiamoiseto createso-Ol f £ SR WY S {i Thas& Ndiamdinshicranvéra not
distinguished from their sample scene when they were presented sequentiatiyéall by a
target image does this target match or 2, 2AFC) if this occurred prior to engagement of

selective attention (200 ms exposure per imaffegeeman & Simoncelli, 201 But upon further
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inspection were distinctigifferent and did not contain any recognizable objects. Shmwvsthat
spatial structural regularities can captuiee scene featureshat areextracted under rapid
viewing conditionsresulting in similar perception to the origin&lowever, observersave not

asked to categorize the scenes or to detect which of the samples was atrtificial.

However, spatial structural regularities alone are not always sufficient for capturing the gist of an
image. Materialsuch as paper, fabric, and glass beaccuratly categorised after 40 ms
exposure(Sharan, Rosenholtz, & Adelson, 2Q@®owing that these contain gist signals

However, accuracgn a matchto-sample tak (250 ms exposurgjas lower for artificially

generated texturesizA A y3 t 2 NI A € £ | with theSarhespafeBfruttralda Y2 RSt 6
propertiesasthe texture) than realmaterial patchegBalas & Conlin, 2015%imilarlymaterial
categorization (water, metal, wood, stone) performance was significantly lowpresented

artificial texturesthan naturalimages(Balas, Conlin, & Shipman, 20H§gn when the artificial

texture was presented foveally anbe natural image was presented peripheraligducgng the
resolution of the natural image, natural images outperformed the artificial ombgsthe spatial
structural regularitiesn our visual environmenthat can beextractedthrough series of muki

sale, multiorientation filters analogous to the receptive fields in thellK2ly play a role irgist
extraction but are unlikely to be sufficient to drive categorization on their cateast as

captured by the artificial texture modessich agortilla and Simoncelli (20Q0)

12.11. Low and high spatiflequencybands

Satial frequeny bandscapturedifferent aspects of visual information: lower spatial frequencies

O0[{CU0U LINPOARS O2I NESI Wot2008Q AYF2NXNIGAZ2YS YR
and contoursof shapesBoth types of visual informatiocanrepresent aspectsf scene contety
LSFeaptureslargersurface areas of a scene, while H&pturesmainlyareas ofapidchange in

the scene. Thus, both providtfferent aspects of sceniaformation that could be used for the

recognition ofa gist category

Early research on spatiakfjuency processing focussed primarily on the importance of LSF for
rapid scene processingrhichlead to the secalled coarséo-fine hypothesisThis hypothesis
defines temporal aspects of visual processing: coarse LSF information is accessed fisstictiter
finer, HSF information becomes availalllae coarséo-fine hypothesistatesthat this is caused
by the difference in speetby the two different pathways carrying spatial frequency information:
LSF information is conveyed to the inferior tempam@iltex by the fast magnocellular pathways
while HSF is conveyed by the slower parvocellular pathss 2004; Kauffmann, Ramanoél, &
Peyrin, 2014)However, a large body ofainly macaqueesearchshows that frequency tuning

between magnocellular and parvocellular cells often overlaps considei@kbttun, 2015)
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suggesting that the distinctiom ifrequency sensitivity between the two pathways might not be

as clear cut as sometimes believed.

In gist researchthe coarseto-fine hypothesiavas investigated bgxperiments combining low
and high frequency information from two scenes into hybrid imagesas found that the
perceived scene category of a flashed hybrid imagepragominantlythe low frequencyscene
categoryat 30 ms, and the high frequensgenecategoryat 150 mqSchyns & Oliva, 1994)
However, these hybrid images were constructed by merging the LSF information from one scene
with the HSF of anotheiThisbreaks spatial space contiguitglisruptingboundaries and contours
Additionally,the scene category dfoth the low and high frequency sceirea hybrid imagdad

a priming effecafter 30 ms exposure timéSchyns & Oliva, 1994hdicating that both LSF and
HSF were available to the visual system. Later research even showguteébatlingexposure to
imagescontainingeither meaningful LSF or HSF content influehites perception of
subsequently viewetlybrid images, with over 70% of perceived categories matching the
previously seemeaningfulspatial frequency ban{Dliva & Schyns, 1997hus, gist extraction of
a hybrid image might not be equivalent to that of a natural scene image, and both frequency
bands are available after extremely brief exposure tinaes] the relative weight of LSF and HSF

in our gist perceptiordepends on both exposure time anthskrelevance.

Anatomical properties of the visual systesaem tounderline the importance of LS&s gst can

be extracted from imageis foveal region$ut alsofar periphery Reripheral vision has lower
resolution and consequently cannot process high spatial frequenciesitbarocessed foveally.

The outer boundary of central vision differs depending on definition used, from only the macula
(0¢ 3.6°) to extending it up to thperifovea at 10°, while peripheral vision extends to ~62

degrees binocularly, and 1050 degrees monoculartythe latter also called the far periphery
(Loschky, Boucart, et al., 201Even when scenes were presented at large visual eccentricities
up to 70 gist extraction of superordinatscene category (naturalness, openness, expansiveness)
was still reliabldBoucart, Moroni, Thibha, Szaffarczyk, & Greene, 201Bpweverreaction time
increased and performance decreased with increased eccentricity, especially for more detailed
categorisation (indoor/outdoor), which was at charegel at 70°. A different study presented
imagesfor 28 ms, placed randomly at 1 of 9 locations, for an anpredence detectiomask,

showed performances of 60.5% correct at 70° and performance increased almost linearly
towards central visiod ¢ K2 N1LJSYX DS 3ISy FTdzNIiy SNE CThis dfgestsK 2 NLIS
that gist extraction can occur even witie lower resolution of peripheral vision, especially for
more broad categorisations (natural/mamade) although accuracgioes go downpotentially

because HSF information is legsurately extracted at the lower resolution of peripheral vision
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On theother hand, recent neuroimaging reseaicas foundthat sceneselective areas respond
preferentially to HSF rather than LSF information. The parahippocampal place area (PPA) showed
increased activity with HSF checkerboards, scenes and even faces, conapidueid LSF
equivalentgRajimehr, Devaney, Bilenko, Young, & Tootell, 2@itjilarly, when contrast was
equalizedthe PPA and the occipital place area (OPA) were activated more by HSF than LSF
versions ofndoor and outdoor scenesvhile there was ndlifferencein the retrosplenial cortex
(RSCjKauffmann, Ramanoél, Guyader, Chauvin, & Peyrin, 20h&s HSF seems to

preferentially activate thewo of the importantscene processing areas, tR€A and OPA.

To get a more meaningful measurement of the rolspdtial frequency bands in scene
processing, further neuroimaging research has investigated the relationship between spatial
frequency and scene categorizatiddcenecategory could be decoded from BOLD signals in the
PPA, RSC, and lateral occipital complex (LOC) from both photographs and their corresponding line
drawings viewed for 2 secon@#/alther, Chai, Caddigan, Beck, &Fei, 2011)suggesting the
important role of contours and edges (HSF) in scene category encoding. Sicolabytational
models could decode scene category frdm brain activation patterngvoked wherviewing

HSF natural scene images for 800 ms from all tested s&ated regions (PPA, RSC, OPA and
LOC), whiléor LSF imagescene categorgould only be decoded in the posterior P@&rman,
Golomb, & Walther, 2017Dverall, these correlational studisgongly suggeghat HSF rather
than LSF carriemeaningfulinformation of sceneategol in sceneselective areaduringrapid

viewing(800 ms), although this migiibt hold the same foultra-rapid presentations (~30 ms).

One last point of note is that hybrid images or separate LSF arghtdSentations might not be
directly analogous to a full natural image. InsteB8F and HSF might be integrated in a super
additive manner, agiewing theLSFH HSFof a scendedto superior levels of gist extractidor a
vehicle presence detectiaiask (100 ms exposuregompared to the probability summation of
separate LSF and H8Ewing(Kihara & Takeda, 201Mloweverthis superadditive performance
was not found with expage time up to83 ms suggesting that theuperadditiveintegration of
LSF and HSF information for scene categorization becomes available somavadueEa100 ms
after image onset. Thus, integration of spatial frequenoiesurs after approximatelyQD ms
viewing time and might be supedditive, leading to higher performance than based on

probability summation of separate frequencies.

Thus,ultimately, and unsurprisinglyhoth LSF and HSF piayportantrolesin rapid scene
categorization, and their relativienportancemight differ depending on factors such as
categorization type, locatioof the image o the retina, and exposure timé&SF information
might be available earlier and could drive gist extracfmmultra-rapid presentations, but once

available, evidence suggests that HSF might ensoderecategol information to scene
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selective areamore strongly LSF and HSF are integratdter only briefexposure time, which
increases gist percepticaccurag. Overall, spatidrequency information iextractedrapidly and
globallythrough gistandthe information carried by LSF and HSF lpi#ty an important role in

informing scene categorization.

1.2.12. Global spatial envelope properties

GCombining spatidfrequenciesandtheir orientationas apattern across an image can be
summarized athe global spatial envelop@liva & Torralba, 2001This spatial envelope

contains outlines of surfaces and their surface properties, such as textures. The global spatial
envelope can be extracted using calculations of principal component analysis of the Fourier
spectrum of the image. Similarly, thesual system can extract these spatial patterns through the
Gaborlike receptive fields of orientation sensitive cells. Each pattern of orientations can then be
summarized with their scores for descriptive labels such as naturalness, openness, roughness,
expansion, ruggedness, transience, or mean depth. When the global property scores of scenes
are projected on a multidimensional space, semantically related scenes are often grouped closely
together. Differences in naturalness scocan predict scene categsations such asatural
versusmanmadesceneqOliva & Torralba, 200,ldsmanmade scenes have more straight
horizontal and vertical lines, and natural landscapes have a wideibditon of edge

orientations, extured zonesand smooth contoursinfluencing their global spatial envelope
properties Taking this further to specific scene categor@senness score could differentiate
between a street (closed) and a highway (op&ich have similanaturalness an@xpansion
scores. Thugsombinations ofjlobalspatial envelopgroperties can be used to categorigeenes

andmight be used by the visual system for gist extraction

The importance of global spatial envelope properfimsgist extraction was clearly demonstrated
by Greene and Oliva (2009), who showed that the chaneefalse alarnior a distractor scene
duringrapid viewing(30 msexposuré could be accurately predicted and even computationally
modelled based on itsimilarity to thetarget category inits global spatial enveloparoperties.
When a set of trialsontained distractorérom a different category but similar global propied,
there were morefalse alarms and a hit occurred, it waassociated with longy reaction times
This suggests that similarities in global properties result in gist signals that are harder to

distinguish from each other, which increases false alarms and reaction times.

In conclusion, global spatial envelope propertisl their desdptive labels directly relate to
accuracy and reaction time, suggesting these propertiesataynportant role in gist extraction
Gist categorization is more accurate and faster when the categories have dissimilar global spatial

envelope properties froneach other.
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1.2.2. Summary statistics

Natural scenes contain a lot of regularities, such as the patterns from trees in a forest. And while
these regularities can be informative in the form of spatial structural regularities, they can also be
viewed as rdundant. It is not necessary fwocesseach individual tree to know you are in a

fored. Andwhere there is redundancy, information can be compressed with a more efficient
coding schemeThis camproducee summary statisticghat can efficiently capturgereral

information of a group of similar elemente.@.,trees)

Summary statistis capturethe average and distribution of a feature without access to specific
objects or their locationd-or example, ammary statistics can efficiently encode the mean and
distribution of sizes of a group of circles. Indeed, observers accurately reported mear siz
ensembleof 4 to 16 circles after brief exposure (500 ms), thaty were unable to distinguish
individual circles from random ones with similar si@&sely, 2001) Mean size of an ensemble
could even be extractedith just50 ms ofviewingtime (Chong & Treisman, 2003)he same
applies for other basic visual features, such as orientgfRarkes, Lund, Angelucci, Solomon, &
Morgan, 2001)velocity and direction of motio(Williams &Sekuler, 1984)hue(Maule, Witzel,

& Franklin, 2014)or the centre of mas@Alvarez & Oliva, 2008f object ensembles.
Interestingly,larger set sizes have been reported to slightly increase performance and reduce
reaction times when reporting mean size or orientati®arkes et al., 2001; Robitaille & Harris,
2011) suggestinghat summary statistic processing occurs in parallerdlkie whole ensemble.
The advantage of larger set sizes suggests that summary statistics effecmt averaging

procedure, where noise of individual items cancels out to increase accuracy.

While mostsummary statisticsapture averages dfasic visualeatures,observers can also

extract summary statistics of more complicated featusas;h as the average emotion or gender

of face ensembleHaberman & Whitney, 200,/yvhich could be extractefiiom sets of 4 or 16

faces shown for 2 seconds with similar discrimination thresholds for both set A&is,

observers did not have access to individual faces in the ensemble, as performance at a 2AFC task
to identify individualfaceswas atchance. Hrther research indicates that emotion extraction

from 16 faces became more noisy with shorter exposure times of 500 or even 50 ms, but still
occurred with abovechance accuradfHaberman & Whitney, 2009Thus, summary statistics can
captureaverages otomplicated featureseven at brief exposure timesccurring globally and

without providing access to indtial elementsand could thus play a role in gist extraction.

The use of summary statistics would allgist extractionto occur in peripheral vision, as the

averaging procedures would compensate for the increased size of the receptive fields in the

periphery. The influence of summary statistics on peripheral vision can be demonstrated by a
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phenomenon called crowding, in whigdentification of a target is impaired by surrounding
distractors, called flankers. Balas and collead2689)suggested that crowding is caused by
averaging of peripheral vision into summary statistics. This was supported by the similarity
between performance on-AFC letterdetection in peripheral ensembles and foveal viewing of
summary statistic representations (mongrels) of these ensembles. Thus, surstat@tics might
be extracted especialiy the peripheryof our visionto increasethe accuracy obur perception

of global features.

In addition to being available rapidly and globally, multiple summary statistics can also be
extracted in parallel, suggtingthe processloes not require focused attention. Indeed,

observers could monitor for both numerosity and mean size of a single ensgraptating one

of the twowith a postcue without effects on accuragitochkin & Vostrikov, 2017and

LJ- NJi A Guamelosjfylaidinean size estimates of the same ensemble were not correlated.
This suggests that both statistics were calculateejprehdently, in parallel. Howevehis might

not be the case processing multiple ensembles simultaneoudtgrvdbservers had to monitor
mean sizeand/or numerosity of two differently coloured ensembles of circles simultaneously,
dual task cost occurrededucing accuracysimilarly, argest mean size and mean orientation was
more accurately perceived in 2 sets of sequentially presedtezsthan when 4 ensembles were
presented inone view(Attarha & Moore, 2015)again showing dual task cost of monitoring
multiple ensemblesOther studiesalsoidentified reductiorsin accuracy with more than two
subsetgHalberda, Sires, & Feigenson, 2006; Poltoratski & Xu, 204Ky, in an ensemble of
coloured letters, observers could accurately report both letter identity and letter colour
proportions, but judgement of conjoined features (proportion green Ts) was much less accurate
(Treisman, 2006)This indicates that processing of a summary statistic is limited to a low number
of separate ensembles, but that the visual system can monitomiultiple distinct summary
statistics in one ensemble, however these summary statisticsgparately calculated anubt

easilybound to each other in specific combinations.

2 K| { Q 3§surMi@aNBtatisticslo not require focused attention to bealculded. While
observers were engaged in a foreground object tracking task, they were more likely to notice
changes in the structured background whtwese changealtered the ensemble structure,
showing that summary statistiedlow automaticdetection of changes in a naturalistic
background, evennderreduced attention to the ensembldue to the tracking taskAlvarez &
Oliva, 2009)

In summary, summary statistics are calculategidlyon a global ensembleyithout requiring
focused attentionand withoutprovidingaccess to individual objectgithin the ensemble

Summary statistics can be calculated for multiple visual properties simultaneouslihessd
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propertiescan be simple (size, orientation) or moremgalicated (emotion)By averaging across
items, summary statistics reduce redundancy and increase accuracy of the global properties of

the image, which can contribute meaningfully to gist extraction.

1.2.3. htermediate disjunctive features

Intermediate dsjunctive featuresverefirst introduced under the Feature Integration Theory

(FIT). FIT states that visual attention consistsvof processes occurring serially: First, features

are registered globally and in parallel under distributed attention. Thesyded attention is then

needed to correctly bind the features of one object to each other based on a shared location

(Treisman & Gelade, 1980 the first stage, in absence of focused attention, featuresbean

02y a A RSNE R (WlsphEhS2006; Treisman & Schmidt, 19883tributed attention

provides general parameters of statistical properties, while losing access to local object

information. It spreads globally over the entire display or over a set of similar olfjeeisman,

2006) giving access to features$ the attended groupThese features are for exampéobal

shape, boundaries, and relations between elements. Distributed attention does not allow access

to correctly conjoined features, asipportedd @ LI NHAOA LI yGaQ Ayl oAftAde G2 |
LINELR2NIGAZ2Y 2F 3INBSY ¢ 0B00nyexposufd BnbepwdieBhélr & K LIS | NNJ &
estimations olLINR L2 NIiA 2y 2 F 3 NEB S yemairfed dcibrat¢Teeishan, 2006) & S LI NI ( St ¢
similar to the summary statistics discussed abdvistributedattention is also thought tgrovide

access to intermdiate disjunctive featurefEvans & Chong, 2012)

Intermediate features are formed from a combination of basic visual features, such as colour and
shape, such as exempaof for example a wing, beak, or arm. They are distinct features, rather
than just a sum of these basic features. Neural evidence for intermediate features comes from
animal research which has shown that higher cortical areas contain neurons that are
preferentiallytuned to specific intermediate featureBor example,@me of the neurons in the
inferotemporal area of macaques selectively responded to elementary components of natural
objects, such as aghaped element or a circle with a smaller circle puding from it(Tanaka,
1996) Similarly, inferotemporal neurons showptkeferentialactivation when the monkey was
viewing monkey hands or facéSross, RochMliranda, & Bender, 1972 hus, there is evidence

of neural representations of intermediate featuré&Somputational evidence shows that a
algorithm trained on intermediate features of faces and cars outperforaredlgorithm based

on either basic or more complex features, and was more generalizalganing it performed

better gimuli outside of the training sahan the basic or complex featuresodel (Ullman, Vidal
Naquet, & Sali, 2002 his shows that intermediate features can increase the flexibility of

categorisation.

24



Indeed,intermediatedisjunctivefeaturescaninfluencerapid categorizatiorof presence or
absence obroadobject categoriesvithin a sceneFirstly,absence of diagnostic features (eyes,
muzzle/beak, limbsh a rapidly viewed scene (32 niéyhly impairedanimal detectiorin both
accuracy and reaction timéBelorme, Richard, & Fabiiéhorpe, 201Q)Similarly when human
distractors were added to an animal and vehiddgectiontask during rapid seriavisual
presentation RSY;75 ms per frame)accuracyof animaldetection went down likely due to
similarity intheir intermediate disjunctive features, while there was no effect on vehicle
detection(Evans & Treisman, 200%) the same experiment, participants were asked to identify
and lo@lize the animal, which occurred with abegkance accuracy when the animal presence
was correctly detectedocalizationoccurred in53% of the cases when the animal was correctly
detected, and correct identification occurred in 44%wever, this is naas high asvould be
expected if the visual system had access to the animal object. Insteeak theorized thaan
educated guessouldbe informed by th€d2 YO A Y I GA2Y 2F AYGSNXYSRALIGS
stag) leading to someorrect identifications. Indeed, many of the incorrect identificationgere

of the correct general categofynammal, bird etc.), suggesting that observers were aware of
likelyanimal subcategories Thus, intermediate features can provide rich information about the
possible sene content. This is also the case for scene categorization, where the presence of a
salient incoherent objedfe.g. tree or animal in mamade scene, boat or human in natural
sceneyeduced accuracy and slowed reaction tinfdsubert, Rousselet, Fize, & Fabtworpe,
2007) showing thatintermediate featurecan alsdnfluenae broader sceneaegorization Thus,
extracting intermediate featureplay a rolen gist extractiorby allowingrapid, generalizable
detection of presencef for example animals or humans within a scewhichin turn can also

guide the perceivedcene category

1.2.4. Non-selectiveprocess

Part ofthe definitionof gist extractiorgiven at the start of this thesiated that processes
involved in gist extractioshouldnot rely on focused, selective attentiomsteadthey occur
overwhole visual fieldand extract features are not bound to locations or to other features co
occurring in the same locatio”Rlowever gist informationdoes require attention to be entered
into visual processing, which is often described as distributed orsetective which 5 needed

to accesghe unbound featuresA nonselective process can process multiple items in parallel
without selection, which leads to a higher capacity limit. Tlasgist extraction should not

require focused attention on the stimulus shouldnot suffer fromserial processing limitations.

Indeed, gist extractiofor an animal detection tasi the periphery occurs without diminished
performanceduring a demandingpveal letter discrimination task requiring focused attentign
F. Li, VanRullen, Koch, & Perona, 2008)en two scenes are presented in parallel, performance
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on a rapid animal present/absent task dropsly slightly. Thissmalldrop in performance
matchesindependent parallel processings for example the likelihood of a false alarm increases
when processing two distractor images instead of @iilarly reaction times remained the
sameduring parallel processing of twatenes foranimalpresenceadetection, and no changes in
occipital neuronal activity could be detected usilgctroencephalogramBEG (Rousselet,
FabreThorpe, & Thorpe, 2002providing evidence for the parallel nature gist extraction of
two scenesThis was further supported byfallow-up studyusing4 quadrants fointer- and
intra-hemifield presentations of, 2, or 4sceneqRousselet, Thpe, & FabreThorpe, 2004)
Again, the small drop in performance for the 2 and 4 scene conditions fit with the model of
parallel processinglhus, gist processing indeed shows properties of asebactive processsit
occurs simultaneoug with selectve tasks or on multiplscenes inn parallel without large

effects on performance.

2 Kl 6Q&8 Y2NBZ 3IA&al SE éenNding inbvlledge Bf2h8 éxacyta@rgets X5 |j dzA NB
monitor for, further demonstrating the noselective nature of gist extractioVhenatask is
known before image onset, gedirected topdown processes canne lower level neural
responsego be more sensitive tthe stimulusfor examplejncreasing sensitivity to task
relevant features in monkeys performing a bisection or \&rtask(W. Li, Piéch, & Gilbert,
2004) In manygistexperiments, a limited set of preued properties is used, which does not
account for the possibility tHgperhaps a limited amount of neselective filters can be active at
the same timeA study comparing preand postcues with9 possible categorieshowed that pre
cueperformance was significantly higher, but paste detection still outperformed expected
levels if observers could only monitor for one d&wans, Horowitz, & Wolfe, 201Buggesting
that multiple filters can be active simultaneousBven more strikinglythe RSVP studyy Potter,
Wyble, Hagmann, and McCourt (203oshowed abovechance performance even if the target
category was revealed 200 ms after the R@¥HRter et al., 2014)Similarly gist extractiorcan
monitor for multiplecues simultaneously one imae. Observers could effectively monitor for
the presence of one or both of theategories (e.g. animal and/or beacthjth increased
performancewhen detecting the presence of at least one cued cate@@wmans, Horowitz, et al.,
2011) Thus, gist extraction can occiar on multiple cues simultaneously, or evehen the

target is unknown, removing tegown taskcontext influences

However, there isomeevidence that attentional limits do exist in gist extractiasstudies
showinattentional blindness and dugdsk costeffects indicating thatgist extractionis not a

O2 YLX SiG-5NB S @O PRIE NWieh dhserverdNiie Orfndase that a specific feature will
appear and should be monitored, they often do not consciously perceqvhis is called

inattentional blindness. Dattask cost occurs when performance on the primary task goes down
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whensimultaneowsly performingthe secondarytask Bothinattentional blindness and dughsk
costsoccur for summary statisticésubstantial proportion of participants was unableraport
the ensemble property colour diversity of a letter gvitien they weraasked wih monitoring
letter identity in a cued rowshowing inattentional blindness. Similarlgtter identity accuracy
was reduced whethey subsequently monitagd for both the cued row and colour diversibf

the ensemblgJacksofNielsen, Cohen, & Pitts, 201f)dicating thatmonitoringthe summary
statisticcarried some attentional demandikewise, for scene gisuringa primary taslof
multiple object tracking taskr an RSVP of letters/digjtan unexpected scene background as the
second to last maskas often not perceived (inattentional blindnesapd subsequent
monitoring for both theprimarytask and scene gisiecreasecerformane (duattask cost)
(Cohen, Alvarez, & Nakayama, 20139, while gist extraction generallya highly efficient
process thatan occur in parallel to itself or ath demanding tasksa level of attention and
alertness is required to process perception of the,gigtich can lead to inattentional blindness
when unaware of the need to process the gist for reportingoattuattask costs when

monitoring gist alongsideertain demandingprimary tasls.

So, as gist extraction requires a certain amount of attention, this thesis will latisflyss some

of the attentional theories for visual processing that best fit with the observed qualities of gist
extraction.Most visual attentiontheories define a split between two types of attention, one
accessing the image features globally, and the other deploying attention to locations for precise
processing and refined object recognitidimese theories should account for the rdgprocessing

of gist,as he time course of gist extraction clearly shows that it does not rely on fixation of
individual elements and is unlikely to involve deployment of attention to specific locations. Thus,
gist extraction belongs to the global axisattention. One attentional theory which illustrates

how gist could be processed rapidly and with minimal attentional demands is the reverse
hierarchy theory, which is supported by anatomical, neuroimaging, computational, and

behavioralevidence whichwill be discussed below.

1.2.4.1.Reverse hierarchy theory

The reverse hierarchy theory (RHWasinformed by the cortical structure of the visual system.
Neurons in arly visual cortex areas, like the V1, often have small receptive fieldsrebpygnd

to for example a precise orientation of a specifically sized bar of light in one part of the visual
field. On the other hand, higher cortical areas contain neurons with larger receptive fidiizh

are often tuned to more general, higherder simuli, such as a specific fadadeed, neuronal
responses in the inferior temporal cortex of macaques were robust to changes in viewpoint and
size ofcomplexshape stimul{Vogels & Orban, 1996)ccording to theRHT as visual information

enters the vigal systema feedforward sweep of visual informatiois propagated through the

27



network andrapidlyreacheshese higher visual areas. Thetiee arrival of this first sweep of
activityenablesW @A & A 2y | {-le@lf deneri@ h@rpretationfofieavirid associated
with sparse attention(Hochstein & Ahissar, 2002)his way, explicit, but globpkrception is
formed in high cortical areas. Next-eatrant feedback fronthe higher corticabreasreturns
towards lowercorticalareas which finetunes and adapts the binding of features to their
respective objects and resulisy W@ A & A 2 y Adétailddiperce@idiitAisabyréirate
categoriesReentrant feedbackimpossa top-down influence on further computations the
lower cortical areagGilbert & Li, 2013)A constant feedback loop between lower and higher
cortical areas further refines perception.ttme RHTmodel, gistextraction should occur in the
feed-forward sweep the first informaton that reaches higher visual areas beforesrgrant
processingoccuss YSIF YAy 3 IAA0G vislBruipBmdB e 2y A& LI NI 27

EEG research identified three stages of visual processingge110 ms stage with feedforward

flow of information towards maiml extrastriate visual areaa,post110 ms stage, where fe

entrant processing to early visual areas such as V1 occurred, and30Q00s stage which relies
on the earlier stages, with activity in extrastriate areas and beyond. It also showed that the pre
110 ms stage was uninterrupted by masking, while the {id§t ms stage rentrant processing

was disruptedFahrenfort, Scholte, & Lamme, 2007Mhus,demonstrating thatre-entrant
processing takes place after an initial fefedward only stagewhich is nodisrupted by

subsequent masking.

If gist extraction is indeed achieved througlieedforward sweep gig extraction shouldbccur
even whema briefly viewedmageis masked immediately afterwards to disrupt-eatrant
processing. Indeed, in an RSVP where the next image functionally masks the previous one,
observers could perform asbsence/presence-AFC ofcene category with abovehance
accuracy even if each image was only shown for 18Roter et al., 2014)However, natural
scenes might not sufficiently mask all areas of the previous imaggsh mightallow some
persistent visual processingsing more structuredeometric or coloured line maskRSVP
detectionof scene categorgccurred reliably at 5&s per image, but not 13 or 27 rak F.
Maguire & Howe, 2016)This indicates that the length of exposure for processing likely needs to
exceed 27 ms, but 53 srexposure is still within the 110 ms of the feedforward stage described
by Fahrenfort etal. (2007)

Computational models of visual processing based on human physiology also offer support for the
feedforward nature of gist extractiormatching with the RHTt is wellestablished that neurons

in higher processing areas of our visual sgshave increasingly stable responses to objects or
scenes, regardless of differences in for example position or §Gadess et al., 1972; Hubel &

Wiesel, 1968; Logothetis, Pauls, & Poggio, 1995gR&rOram, 1993; Quiroga, Reddy, Kreiman,
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Koch, & Fried, 2005and that their receptive fields simultaneously increase in $teerett &
Oram, 1993; Smith, Singh, Williams, & Greenlee, 2001; Tanaka, Wd®8) togetherallow
humansto flexibly recognise variations of objects or scenes fdiffierent viewpoints(Evans &
Chong, 2012)Feedforward models of processing show that these higbeder neurons can
rapidly respond to their preferred stimuli, withoaeeding topdown feedback. For example, a
feedforward model of the primate ventral stream trained on an animal absent/present
categorization task produced performance patterns that were highly comparable with human
rapid visual processin@erre, Oliva, & Poggio, 2008jmilarly, a simulation of a single wave of
spikes (neuronal firing) showed that this fissveep of information sufficed for broad recognition
of facesin natural images by computationamodel (VanRullen, 2007%learly demonstrating
that the feedforward sweep is sufficient to extract rich information about our visual

environment.

In summary, @it extraction occurs through a separate mode of processing distinctly different
from the processing underlying detailed object recognitionline with the RHTGist extraction is
non-selective and does not require focused attention, allowing it to odeuing a different focal
task, on parallel displays, and with pasal cues. Similarly, the feefdrward nature of gist
extraction is supported bgsychophysics experiments, in which gist extraction occurs with rapid
presentations followed by masking,avif the taskcontext is not known beforehanid remove
top-down influencesThis behaviour can also accurately be described with-feedard
computational modelsThisnon-selective feed-forward sweep ofvisual processingivesaccess

to spatial structures, summary statistics, antermediate features thatogetherinform gist

extractionrapidly and globally.

1.3. Neuraimechanisms of gist extraction

As definedabove gist extraction is made up ofcallectionof processescombininglow-, mid-,

and highlevel visual features, ranging from orientation, spatial frequency, and colour (low), to
shapes, depth, and textures (mid), to faces, bodies, and objects) (Bgben, Silson, & Baker,
2017) It therefore seems unlikely that theredssinglex 3 A & (i S BrainNdeaCristear Vst
extractionlikely takes place acrossnetwork of cortical regions, which extract spatial structural
regularities summary statisticsand intermediate disjunctive featuremnd integrate thesénto

gistcategorzationsof the globalvisual environment

So, while it is unlikely that one singular area performs gist extraction, there are some brain areas
that might be involved. A likely group of candidate areas isttemne processing network, which
consists of areas that are known to respond preferentialgcenes over objects and/or faces:

The parahippocampal place area (PEH¥wning, Chan, Peelen, Dodds, & Kanwisher, 2006;
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Epstein, Harris, Stanley, & Kanwisher, 1999; Epstein & Kanwisher, th@o8jcipital place area
(OPA)YDowning et al., 2006; Griipector, 2003)and the retrosplenial cortex (RSEBgenderson,
Larson, & Zhu, 2008Additionally, whilghe lateral occipital complex (LOC), is mainly known as
an objectselective aredGrillSpector, Kourtzi, & Kanwisher, 200there is also evidence of

some evidence fobOC activityo scenes.

As a rapid procesanotherimportant aspect of giséxtraction is its timingOnly neural activity
patterns that are observable after rapid exposure can influence gist extractieneSpecific
activity occursearly in visual processing. Comparing scenes to objects and fexcdsference

was found in P{80-130 ms), but the P2 (26820 ms) peak amplitude was significantly higher for
scenes with 500 ms exposufidarel, Groen, Kravitz, Deouell, & Baker, 20T6g N1 or N170,
commonly described as fag@ocessing specific, did not differ between objects and scenes,
which both had a lower peak amplitude than facksgnetoencephalographiMEGQ
measurements of neural activity to faces and outdoor scenes (bg#diandscapes) showed
even earlier onset, witlscenespecific activity significantly higher in a left and right hemisphere
medio-occipitalregionduring the M100 (106030 ms after stimulus onset) with 1000 ms

exposure(Rivolta, Palermo, Schmalzl, & Williams, 2012)

Thus, the scene network might play a role in gist extraction,smmae neural correlateelated

to sceneprocessingre available early in processing after rapidly viewing a s¢éowever,

differential activity between scene categories is more relevant for gist extraction, where
differences in activity patterns and aiitpdes would be expected between for example natural

and manmade scenes. If indeed spatial structural regularities play a role in informing gist
extraction, one would also expect differential neural activity based on these visual properties. In
the nextsections, evidence for gist category representations in neural activity is explored, as well

as evidence for neural representations of different spatial regularities.

1.3.1. Categoryprocessing

Early neural correlatesfoscenecategories have beeobservel when comparing atural and
manmade scenesTheseevoked differential activity in the N170 and R#ich for the P2 was
modulated by spatial expanse (open/closed), but not distance (close/far) of natural d¢¢ares

et al., 2016) A hierarchical linear regssion modetontainingcontrast energy, spatial coherence,
and naturalnessatingsfactorsexplained 22.7% of the P2 amplitude, showing the influence of
image propertieon P2 amplitude as wedlgperceived naturalness of the scen®n even earlier
effect of naturalness was found when observers viewed scenes (exposure time 1.5 s) during a
memory task, where significant decoding between natural and-made scenes first occurred

at 125 ms atanoccipitalelectrode (Oz)and differential activity remained sigicant during the
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P2 (158275 ms)Lowe, Rajsic, Ferber, & Walther, 2Q18)both experiments, stimulus type and
category information were ndiask relevantThese findings suggest that early activity, such as
the P2 ERRutomaticallycaptures diagnostic scene information which could infglobal scene

categorization, and additionally showed the influence of image properties sunbnasst

energyand spatial coherence.

Further research at gist extraction timing within environmental scexggsn foundearly

differential activity depending otaskrelevant categorydifferentiating between targets and
distractors depending on the specific tabknatural scenes, EEG signals divetggtween GO
(animal) and N&O (no animal) trials 150 ms after stimulus onset (20 ms expo@urejpe,

Fize, & Marlot, 1996)Specifically, distractor scenes without animals evoked a strong frontal
negativity starting at 150 ms after stimulus onset. This difference occurred with a widely varied
set ofimagesand it was unrelated to the reaction time of the trial (faster reasttimes did not
evoke earlier differences].he same was observed BaconMacé et al. (200pin both frontal

and occipital electrodes, even when the scene was masked 12 ms after the scene was flashed,
although longer mask latency increased the amplitude of differential actiMitig differential
activity might be related to decision making the nogo trials, for example inhibiting@O
response. Later studies similarly reported frontal negativity from-180 ms, but additionally
showed differential occipitdemporalpositivity amplitudesat around 150 mg¢Delorme,

Rousselet, Mcé, & Fabrélhorpe, 2004; Rousselet et al., 200Phe same frontal and occipito
temporal activity, with additional parietal activity was also found at 150 ms in an animal/no
animal2 alternative forced choice {FC30 ms exposure), showing thtdite differential activity
cannot ke solelyattributed to differences in motor commands between a go anejodrial

(Antal et al., 2001)

Later processing might only occur when the scene content isridskant asprolonged scene
category sensitive ERPs (>250 oiserved duringapid natural/manmade categorization task

are notpresentwhen the scenes angot taskirrelevant(Groen, Ghebreab, Lamme, & Scholte,
2016) Additionally,when scenes were tagielevant,neural activitypeyond 250 ms remained
correlated bl K S & $p&igl Sobedence. This suggests that latiéierential activityoccurs
onlywhen scenes arattended for decisiomaking buts still ifluenced byspatial layout
properties. It also underlines the importance of taskevance during research into gist

extraction, as much research instead uses passive viewing or attentional tasks such asimgonito
for change in fixation cross colour/lengtim which the scene is not tas&levant which means

later stagesf gist extractiorare underrepresented or absent.

Lastly, a brief view at the areas in the scene selective network shows that some of these areas

might be functionally involved in gist extraction as their activity is related to scategorization.
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Intracerebral electrodes in the PPA of epilepsy patigl@imonstrated scenaelective activity 80

ms after stimulus onset and scewategory differential activity at 170 n{Bastin et al., 2013)

Similarly, disrupting OPA pregsing with transcranial magnetic stimulation impaired rapid (~100

ms viewing time) scene, but not object categorizatibilks, Julian, Paunov, & Kanwisher, 2013)
Thus, the PPA and OPA likely play a functional role in scene categori@atithe other hand,

patients with RSC lesionstain unimpaired scene recognitiofie. A. Maguire, 2001)nstead, the

RSC has been shownrt@inlybe involved in spatial navigation, as well as wider cognitive tasks,
such as recalling real or imaginary etge(ior a review of RSC research refewamn, Aggleton,

and Maguire (2009) Thus, theRSC might support various cognitive functions, rathan

specifically being involved in scene category proceskasgtly] h/ Qa | OGAGF GA2y LI GG SNy
scenes seem to bmainlydrivenby the objects in the scendctivity in the LOC evoked by a

scene containing a tagielevant object correlated with isolaterepresentations of the object

(Peelen, Fefrei, & Kastner, 2009pimilarly sceneevokedactivityin the LOC could be predicted

by the average activity pattemofsignature objects (e.g. bathtub, toildt bathroom) (MacEvoy

& Epstein, 2011)while there was no such relatiship for PPA activityLhus, the PPA and OPA

show functional relevance for global scene categorization, while this is less likely for the RSC and

LOC.

Distributed pattern analysis of fMRI activity showed tlsaene categorie€L600 ms viewing time)
could be decoded fromactivation patterns with abovehance accuraciyn the LOG24% correct),

PPA (31%), RSC (27%), and V1 (@&%d)her, Caddigan, F&iei, & Beck, 2009Additionally,

error patternsof the computationalmodels based on LOC and RieAvity correlated with
humanerrors in arapid scene categorization task (&% ms exposure, 6AFGhowing that

humangist categorizatiomade similar mistakeas decodes based on PPA and LOC activity,
suggesting gist extraction might utilize information that is encoetthe PPA and LOBowever,
top-down re-entrant feedback of scene contefitbom other areasnight have providegcene

context information to theRSC andOC as scenes were viewed for 1600.imsleed a study

with scenes differing ispatial layouiand olject content (300 ms exposure) showttat only

spatial layout could be decoded from RSC activity, while both layout and object content could be
decoded from the PPA, and only object content could be decoded in th¢H&D€!, Kravitz, &

Baker, 2013)Thus, the RSC seems to be sensitive to spatial layout for navigation, while the LOC is
sensitive to objects in a scene conteRtit the PPA®coded both scene content (objects) and

spatial layout, again emphasizing its likely involvement in scene gist extraction.

1.3.2. Spatial layout processing

Various spatial layout properties influence neural activity duraygid processing of scenes,

suppating how these properties could be availablegwidegist extractionFor example, gatial
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coherence reflects the level of scene fragmentation, with higher scores indicating more
variety/fragments, while contrast energy represents the amount of contitastughout the
scene.Spatial coherence and contrast energy correlated with both neural activity and
behavioural performance on a natural/manade categorization task with 100 ms exposure time
(Groen, Ghebreab, Prins, Lamme, & Steven Scholte, 284@e trial linear regression analysis
showed that a combination of spatial coherence and contrast energy correlated with EEG
amplitudebetween 109 and 137 nmecrossoccipital and parietal electrodes. Additionally, spatial
coherence influenced pedccipital activity up to 250 ms after stimulus onset. Behaviourally,
higher spatial coherence increased the likelihood of subjects ratingree senatural.
Interestingly,LJ- NI A OA LI y (i & Q LISmEDe$child be2pyediaiey froin &G sigmalg |y
as early as 80 mshowinga clear link between neural activity and perception. At the early phase,
predictions of perceptual ratingmainly reli@l on occipital and pefdccipital activity, but after

260 ms activity was distributed across the scalp, suggesting initalizedprocessing followed

by a distributed cortical representatiaf the gist category of the scene

Size (e.g. small: kitchelayge: factory hall) and clutter level (low/higbi indoor scenesould

also be decoded in MEG signdiging attentional viewing without a categorization ta€kchy,
Khosla, Pantazis, & Oliva, 201Q)utter decoding accuracy peaked first, at 107 ms, and size
decoding peaked approximately 250 ms after stimulus onset (500 ms exposure). Sihattand
decoding activity were independent of each other, scene category, ctdegl visual properties
contrast or luminanceshowing they were distinct representations of scene properti#stter

level might be related to the level of openness in an&; although the current study did not
review this possibilit2 KI G Q& Y @®d\BPA anéd tRelRSC showed differential activation to

level of clutter (amount and organization of objedtsscenegPark, Konkle, & Oliva, 2015)

In summary early neural activity correlates with various spatial layout propertiestamdan
perception suggesting that these propertiesuldbe extractedrapidlyand become avéble for
gist extraction. Spatial layout processing could give rise to summary statistics or global spatial
envelope characteristics that could be diagnostic of scene category. Localzbsipatial
coherenceneural correlates suggest that initial praseng of structural layout properties

occuredin occipital and parietal regions, after which distributed cortical processing @ztur

From the scene network areas, the PPA seemed to be the most promising for scene gist
categorisations. Looking aisual properties of scened)¢ PPA haalsobeen shown to be

sensitive to changes in surface properties such as texture or geometrical shape of object
ensemblegCant & Xu, 2017¥cenes, and even objects in sce(lasve, Rajsic, Gallivan, Ferber,

& Cant, 2017)while the PPA responded markedly less to these changes when they occurred in

isolated objectsAdditionally,activation patternsn the PPAvere most related to the expase in
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the scene (open/closed), with less influence of distance (near/farsuwprisingly, content (man
made/natural) or scene categofiravitz, Peng, & Baker, 201Thus, the PPA shows early
activation whichseems to represent spatial structure and texture of segmwehich could inform

gist categorisations

Texture and layout could be decoded fromunal activityin artificially constructedooms shown

for 2 second¢Henriksson, Mur, & Kriegeskorte, 201%he OPA was mostly sensitive to layout,
irrespective okurface textures. In contrast, both the V1 and PPA were more sensitive to
differences in surface texture than layout but showed highest scene discriminability when both
layout and texture varied. Lastly, the RSC showedomsistent differentiahctivity o the room
stimuli. A separate MEG experiment showed that the textinrariant layout representations

could first be identified at 60 ms and peaked at 100 ms after stimulus onset. Additidhally,

effect oflayouton MEGactivity patternscorrelated withOPA activity in the fMRIxperiment
suggesting layout information is available early in processing in the OPA. Both the PPA and OPA
responded to changes in relative length and angle of a simple scene layout (300 ms exposure),
but not to similar changesilength and angle of objects, showing scepecific sensitivity to

layout, while the RSC did not respond differentially to any of these chgdbgem, Persichetti,
Spelke, & Dilks, 2018)

Lastly, spatidhyout also has a functional role in scersegorization Scene category could be
decoded from bottcolor photographs and line drawings in V1, V2+VP, V4, PPA, artVaiaer

et al., 2011) LOGctivity did notallow decodng ofscene category, potentially because objects
were less diagnostic stcenecategory in this experiment. Interestingly, scene category of line
drawings could be decoded by a model trained on photographs, and vice vettsa prnmary

visual cotex and PPAreas.This shows that contours and edges play an important role in scene
categorization for computational models, as photographs and line drawings could

interchangeably be decoded from activity patterns in primary visual cortex and PPA.

Overdl, it seems thaPPA and OPA might have complementary roles regarding spatial structure
and textural content, with the OPA responding specifically to layout, while the PPA is tuned both
texture and layout, which both could inform gist extraction, while thle of the RSC is less clear
and might be driven by todown reentrant processing. Neural representations of spatial
coherence, clutter, spatial layout and other spatial properties vwatewn to be availableapidly

after briefly viewing a scengndiating thatthese signals would be available for use in gist

categorization
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1.3.3. Summary ofneural mechanisms

In summary, gist extraction isdeedlikely facilitated through a network of scefselective
cortical areas, which provide information on asggesuch as scene layout (OPA, PPA), global
spatial envelope, textural information, and shape (PPA), and scene content (PPA, LOC),
potentially driven by intermediate featuresf diagnostic objectsTheseareas and the associated
encoded informatiorcan be sed to decode the scene category, showing their functional

relevance Sceneselective areakelygive rise to a distributed representation of gist.

Perceptually driven effects of scene or objeettegoryin-scene activity are evident rapidly after
stimulus onset, around 80 ms. After 150 ms, meaningfdbehaviourally relevant differential
activity is consistently foundespecially in frontal and ogiial regions. This occueven when re
entrant processing is disrupted by masking, which indicates that sufficient processing has
occurred to differentiate taskelevant categorical features to inform gist extraction. This also fits
with the feedforward nature of gist extraction under the RHT. At 200 ms (&@jrscene

category specific activityan be differentiatedand differential activity persists after 250 ms in a
distributed fashiongespecially when the scene category is taslevant $atial stuctural

properties influencehis neural activity.

1.4. Gist extraction in Medical Image Perception

As shown in the introduction, medical experts can detect a gist of abnormality in chest
radiographs, mammaograms, and cytology within 28D ms(Evans, GeorgiaBmith, et al.,

2013; Kundel & Nodine, 1975Additionally, medical gist extraction is not constrained to just 2D
images: videos from stacks of breast tomographgdes, each frame displayed for 20 ms,
allowed for abovechance performance, even after exclusion of trials where the abnormality was
localized(Wu, D'Ardenne, Nishikawa, & Wolfe, 2018)milarly, expert readers of prostrate

images could extract the gist of abnormality from a serial display of slices from a 3D imaging
device(Trevifio et al., 2020)Thus, gist of almrmality is a global signal that can be extracted by
experts in many different medical disciplinesdan 2D and 3D displaydemonstrating its flexible

nature.

Certain global measures, such as mean breast defiityd et al., 2010; Vachon et al., 2034

well asbilateral symmetry obreastdensity(Zheng et al., 2012nd breastvolume(Scutt,

Lancaster, & Manning, 2006ave been shown to be significant predictors of breast cancer risk,
which might lead to the suggestidhat gist extraction of medical abnormality in mammograms
could be explained bthese factors. However, unilateral mammograms of the breast containing a
cancerous abnormality still contain a strong gist signal without any way to extract (a)symmetry

information (Evans, Haygood, Cooper, Culpan, & Wolfe, 2Gt@wing that symmetry measures
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may assist distinguishing abnormal from normal cases, but is not required. Additionally, while

mean breast deriy ratings also categorize abnormalities with ab@@& I y OS | OOdzN> O X G KS
prime is lower than that of gist ratings, and density and abnormality ratings were not correlated

across imageshus, breast density isiot the driving factor for the gist of méchl abnormality in

mammograms.

In line with the nopselective, global nature of gist signalsdlical gist extraction does not

provide accurate localisation information. Radiologistcognisedbnormalities with above

chance accuracy after 250 ms expaslyut were unable to localize these abnormalities on a
subsequenmasled outline One later study suggested thaartial localizationof a region of
interestmight sometimesoccur within a gist extraction timeframe (250 ms) when an abnormality
is correcty rated as suclCarrigan, Wardle, & Rich, 2018Jthough even then, localisation
accuracy waaround 35% for low density mammograms, in which abnormalities are generally
easier to localize, and only 10% for high density mammogramt®nclusion, whil@artial
localisation information might be availakile someinstancesextracting the gist of medal
abnormality idargely reliant on global features and does wotsistently allow access to

locations ofabnormalities.

The fact thatdetecting thegist of abnormalityis a global process thdabes not requirdocalized
featuresis emphasized by thaét thatit still occurs when viewing sections without the localized
abnormality. Firstlygist of abnormalitycouldbe extracted from unilateral images of the
contralateral breast with above chance accurégyans et al., 201&lthough this signal is
notablyweaker than in the breast containing the abnormal®jrikingly gist can even be
extracted fromsmall patches taken from either the breast containing the abnormality or the
contralateral breaswith abovechance accuragyhether this patch contained the abnormality
or not (Evans et al., 20167 his further strengthens the argument that gist of abnormality is
present globally, even in the parts of theeastparenchyma that do not contain thencerous
abnormality. Extending on this, gist of abnormality is even detectable-gaked priors:
mammograms of women diagnosed with cancer taken 3 years prior to their eventual diagnosis.
In these priors, no actionable signs of cancer could be fourd after additional inspection, but
gist ratings were abovehance accuratéPatrick C. Brennan et a2018; Evans, Culpan, & Wolfe,
2019) Thus, gist of abnormaliig a global structural signdhat can even be detected before
local abnormalities are apparent, suggestingauld be useds a riskmarker, to for example
increase screening for giskwomen. Overall, these findings alipportthe assertionthat the
signal of abnormality must originate from robugiobaldifferences between normal and

abnormal breast tissue. For example, an abnormatitght distort the statistical and global
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regulariies of a normabreastparenchyma, or conversely there could be specific statistical and

global regularities associated with an abnormality.

As discussedhe roleof spatial frequeng band hasbeen extensivelyinvestigatedn scene gist

extraction, withmixed findings on theelativeimportance of low and high frequency information

for rapid categorization of scenes (ssection1.2.1.1. low and high spatial frequency bands

Expanding this research to medical gist showed thatpass filtering stronglyeduced accuracy

2F NI GAY3 y2NXEf @& Foy2NXEf YEFEYY23INI Yad FTNRY
to only 0.26, while highJr 84 FAf GSNBR YIYY23INIYa NBIGFAYSR Y
0.96(Evans et al., 2018 hile localization remained athance across all conditions. Thus, gist of
abnormality seems to be preferentially contained in higher spatial frequencies, although more

detailed assessmentwre needed to further narrow down the specific roles of frequeagds.

Interestingly, a study where mammograms were presented for 1 second, an inversion effect
occurred, where accuracy was higher for upright than inverted mammogcasmtsch is

indicative of holistic processi{i@hin, Evans, Wolfe, Bowen, & Tanaka, 20&B)ch was stronger

for experts than novice readers (residents). This suggests that compound processing plays a role
in recognizing the gist of medical abnormality. However, the inversion effect was not present

with shorter exposure times of 500 msKKEvans, personal commigations, 2020), suggesting

that holistic processes might occlarimprove detection of abnormalities medical images but

likelydoes not occupn the sameaapidtime scale as gist extraction.

Lastly, gist extraction performance(isisurprisinglystrongly correlated with expertise in
radiologists reading mammogran(Bvans et al., 2019 ore gecifically, performance correlated
the number of cases read in the previous year, but not with years in practice or percentage of
time spend reading mammograms, reflecting the importancesoéntperceptual rather than
medical expertis K I i Q §expé@eNdB in breast tomography correlated with performance
on gist perception in digital breast tomosynthesis ima@@esC. Wet al., 2019)while experience
in digital mammography did not show a significant correlation, suggesting thatdimslation is
modality-specific andiriven by recenperceptualexperience rather thanpure medical

knowledge

One important considerabn is how scene and medical gist can best be compared to each other
to support how we can use medical gist research to further our general knowledge of gist
extraction. Categorization of normal versus abnormal medical images caewedas a
superordinde level categorization task, as complex medical images are categorizetiroad

level (normal or abnormal), rather than spectfipesof abnormalitiegfor a review sedlakki

(2015). Thisinfluences comparis@with scene gisstudies, ashesehave often used
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animal/vehicle presence/absence detection tasks, which are moredddj@ct-in-scene
categorization, which might rely more heavily on for exaniplermediatedisjunctivefeatures
rather than global spatial envelope properties. A better comparison for medicas gisidies
investigatingsuperordinate scene categorization, such as natural/meade distinctions, or to a
lesser extent basic level categorizatigmeach, forest etc.)This, it is important tdbe aware of
distinctions between differenstimuli and categorization tasks gist extraction research, and

how they influence our comparisons between scene and medical gist literature.

15. Goals of this thesis

This thesis hathree aimsthat eachfurther our knowledgeaboutgist extractionn medical
images The first overarching aim is to investigate whiehnceptualpropertiesinfluencethe
extraction of the gist of medical abnormaliyd how. The second aim is to studgidt of a new
category can be learnethrough perceptual training, and hothis ability develops. In concert
with both of theseaims, the third aim ofthis thesids toexplorethe neuralsignature of gist

extractionfrom mammograms in medical experts

1.5.1. Perceptual properties

As set out in this introductigrgst extraction is characterized litg rapid sged of processing,

but less is known about theffects oflonger exposuresn our ability to process and as=gist
categorizationsMany attentional theories make a clear distinction between global and,local
rapid and slow, or distributed and focusptbcessing, but it is not knowmow longer exposure
time influences our ability to extract gist information aadcess gist categorizationss#itch
might occur when local, selective information becomes availathlat mightmalke gist
informationless relied upon, but still accessible as a secondary source of information, or even
inaccessibleHowever, it is alspossible that gist extraction keeps accumulating information as
more time is available to process the gist signals, which might actually strengthen our gist
perceptions.Thus, the question iDoes the gist signal only influemperception during initial
rapid exposure, odoes it remain available during later stages of processiaugd if sojs it

perhapsan additive process, where longer exposure can strengthen and improve accuracy of gist

aAdyrtz tSFERAY3I (2 | Chandriwb idvEstigti iheSdiffdtdndedlin G A Y LINS & & )

performance of medical experts on global assessments of medical images between rapid flashes

(500 ms) or unlimited exposure times.

Next, atial frequeny bandsunderlying spatial structural regularities clearly playiraportant
role in scene perception, especially in gist extraction. Spatial frequency gives information about
global shapes, spatial layout, borders/contrasts. It also underlies the global spatial envelope

propertiesthat have been shown to influence the geived gist of sceneslowever, the roles of
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low and high spatial frequency information in gist extraction remain ungclein conflicting
evidence for the relative importance of one or bo@®ne previous study suggested the
importance of HSF for mediagikt extraction Chapterthree investigatel the effect ofdifferent
levels othigh-passspatial filters on perception of the gist of abnormality in medical expénts

orderto further investigate the role dbw and highspatial frequency imedicalgistextraction.

1.5.2.Learning processes

The gist of medical abnormality fosra key opportunityd investigate the learning processes
underlyingl K dzYabilyy@dearn to recogniséhe gist of novel categaes It is largely

unknown how humans gain tHenowledge needed to accurately distinguish a beach from a
forest, in a robust fashion, from a variety of viewpoints and variations, all within the blink of an
eye. The development of this expertisaifficult to investigate, ascenegist abilities are pesent

in all healthyadults,and it is unknowrnwhat the childhooddevelopment of gist extraction.is
Furthermore, developmental studies using children face confounding factors from other
developmental factorssuch agommunication constraint€On the otter hand, nedical experts
have gained the ability to extract a new category of gist in their field of expertise, a skill which the
general population does not possess. We therefore know this ability is not innate, and there is
evidence showing its strongledion to recentperceptual exposure (number of images seen)
rather than medical knowledge (years of experiengeK I (i Q a gisiexttadich should be
generalizable and rely on global patterns rather than specific elements, to enable observers to
recognise a beach or abnormal mammogram across the wide variability that exists within that
category €.g.,viewpointor breast density). This fits wiltatistical learning, the process through
which humans can extract naturally occurring statistical gras in space and/or timglurk
Browne, Jungé, & Scholl, 2008jithout feedback on the exact features ¢atract Statistical
learning of spatial regularitiemight allow observers tdearn to recognise the invariant global
properties of a forest, beach, or even an abnormal mammodtraough perceptual exposure to
many exemplars of the category, without exjilifeedback on the visual features that represent
the category Trainingnaive observersn medical images will allow us to investigate whether
humanscan learn to recognise the gist of a novel categorization through perceptpalsure

alone

This thesigims to investigatevhether people can learn to recognise the gist of a new category
through perceptual trainingvith global feedback alon€hapterfour contains amulti-session
online perceptual trainingexperimentto see if people can learn to recogaithe gist of a new
category as well agxploring individual differencda this ability. Additionally, human learning
patterns werecomparel to the performance of computational moddls gain insight into the
overlap in information captured by the neunatworks and human perception.
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1.5.3. Neural signature

Lastly while some studies have investigated the neural correlates of scene gist extraction, no
such study has been performed for the gist of medical abnormality. Investigating the neural
signatureof extracting thegist of medical abnormality will provide further insight into similarities
and potential differences between scene and medical Glkapterfive usedEEG measurements
to investigatethe brain activity patternsvoked byiewing and ratingnormal and abnormal
mammograms ira group ofexpert radiologists. Calculating the differential activity between
these two categories gives insight into areas that carry information on the gist of medical
abnormality. Single subject bagitapping alloved an indepth exploration of the neural activity

patterns in each individual radiologist.

The research in this thesis will increase our understandimgeaficalgist extraction, by

scrutinizing image parameters influencitige gist of abnomality, andwill make a first effort to
explorethe learning of a newgistcategorization. Assessing neural actiygtterns in medical
expertswill allow understanding of the neural mechanisms involved in recognitidimeofedical
abnormality giseand sibsequent decision making. This thesis also has important practical
applications for the medical imaging field. Firstly, gist of abnormality could provide a novel
medical diagnosis tool for mammography screening. For example, a rapid triage of case# for th
gist scores, in which cases with high gist scores would be prioritized for further assessment and
maybe even receive earlier invitations for their next screening appointment, as high gist scores
are a known risk factor for development of breast can€erther understanding ahe timeline

of medicalgistextraction (Chapter 2Zyould inform us how this triage system could best be
implemented while knowing how higipass filters influence the accuracy of gist extraction could
allow us to finetune the mamogram presentations to boost performance (ChapterS3condly,
knowledge on the learning of the gist of abnormal{i@hapter 4rould inform new, effective
medical training approaches to help residents reach higher levels of perceptual exparlise

in their career or tckeep perceptualperformance high in experienced medical experts that might

have lesexposure to cases in their déy-day roles
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Chapter 2Comparable prediction of breast cancer risk from a

glimpse or a first impression of a mammogram.

Chaper 2 was published as Raat, E.M., Farr, |., Wolfe el.8.Comparable prediction of breast
cancer risk from a glimpse or a first impression of a mammog@ogn. Researdh 72 (2021).

This version of the article has been accepted for publication afterreview butis not the

Version of Record and does not reflect pasteptance improvements. It also has edited headers
and figure numbers to fit with the thesis format. The Version of Record is available online at

doi.org/10.1186/s4123%21-003335
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2.2.Abstract

Expert radiologists can discern normal from abnormal mammograms with alfarce accuracy
after brief €.g.,500 ms) exposure. They can even predict cancer risk viewing currently normal
images (priors) from women who will later develop cancer. This involves a rapid, global, non
a8t SOGADBS LINRBOSaa Obtiet Kddwn @hathed piolosgBdierabstré da y £ @
strengthen the gist signal, or if it is available solely in the early exposure. This is of particular
interest for the priors, that do not contain any localizable signal of abnormality. The current study
comparedperformance with brief (500 ms) or unlimited exposure for four types of

mammograms (normal, abnormal, contralateral, priors). Groups of expert radiologists and
untrained observers were tested. As expected, radiologists outperformed naive participants.
Repicating prior work, they exceeded chance performance though the gist signal was weak.
However, we found no consistent performance differences in radiologists or naives between
timing conditions. Exposure time neither increased nor decreased ability teifigéhe gist of
abnormality or predict cancer risk. If gist signals are to have a place in cancer risk assessments,

more efforts should be made to strengthen the signal.

Key words gist, radiology, mammography, holistic impression, gestalt
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2.3.Signifcance statement

Breast cancer is the most common cancer in women and causes the highest number of cancer

related deaths in women globally. Because early detection is highly beneficial to treatment

outcomes, mammographic screening for breast cancer islywidglemented. In earlier work, we

KIS T2dzy R GKF{d SELISNI NIRAz2f23Aada OFy RSGSO
a brief exposure to a mammogram from a woman with cancer, even if the cancer is not visible in

the image €.g.,the image is from the contralateral breast). The gist signal can be detected in
mammograms acquired several years before the woman is diagnosed with actionable cancer. If

the gist signal is to be of clinical use, it would help if it were more robust. Previouestiskd

brief exposures for research purposesy;,to thwart eye movements). Here we test if a stronger

signal is available when no time limit is imposed. We did not find any effect on accuracy

measures, so the effort to strengthen the signal will néegursue other paths.
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2.4. Introduction

The visual system has the remarkable capability to extract information about our environment in
the proverbial blink of an eye. Within a 100 ms, humans can identify the general meaning (or
GAAAaGE0 2 FseangPoiter, AR EheylcadBxtract information about the scene
category(Greene & Oliva, 2009y detect the presence of certain object categoriBaconMacé

et al., 2005) Gist extraction is a global, n@elective process, by which our visual system rapidly
extracts structural and statistical regularities over the whole image to make broad
categorizations of the stimulus perceiv@yolfe et al., 2011)The global, noiselective nature of

the process means that the observer might be quiteessomething like an animal is present but

not be sure of its precise identity or locati¢Bvans & Treisman, 2005)

This rapid gist extraction also occurs with specialized scenes like radiological ifage®nA
SELISNIE GKS 3IAad 2F | YFEYY23IANIY YlIée 68 y2iKA)
expertradiologistO I y SEG NI Ol | ({Edahsy GeorgidBmith,cetyalR, ROTFdmial & ¢
brief glimpse of, at least, some medical images. Medical experts can distinguish abnormal from
normal images with abovehance accuracy after rapid exposures. Experimental studies typically

use posures of 250 to 500 ms. Reliable detection of this gist of abnormality has been found for
different types of medical images, for example chest radiogréidhadel & Nodine, 1975)

prostate imagegTrevifio et al., 2020xervical miavgraphs in cytology as well as 2D
mammogramgEvans, GeorgiaBmith, et al., 2013nd 3D breast tomosyntheg€. C. Wu et al.,

2019)

While the exact perceptual features driving the extraction of the gist of abnormality are not yet
known, previous research has/istigated several potential factors. Breast density, which is

known to be a predicting factor for breast can¢Boyd et al., 2010; Vachon et al., 2003gnnot

explain the gist signal, as it is less predictive of abnormality than gist, and shares only a small and
negative correlation (¥0.10-0.26), with gist ratings on the same ca¢Esans et al., 2019)

Similarly, global symmast between the two breasts might facilitate gist ratings of abnormality,

odzi Aa OSNIlIAyte y20 SaaSydaAltsz & 3IA@dE@NsNI A
et al., 2016) showing that, while symmetry may astsilistinguishing abnormal from normal

cases, it is not required. On the other hand, there seems to be an important role of high spatial
frequencies, as performance dropped considerably when high frequency information was

removed (lowLJ && FA {2 SHGBIR 3RO TATASNBR AYIlF 3Sa &dzLJLJ2 N
ndpcov GKFG gl a y20 YIFN]SRte& g 2ANaEnSetal o) Fdzf

One of the leading lines of evidence that the gist of abnormality is bioleature is that the gist

can be detected even when no lesions are present in the presented image. Radiologists detected
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the gist of abnormality in patches of breast parenchyma that did not include the lesion as well as

in mammograms of the breast comiateral to the one with the cancerous abnormaliBvans et

al., 2016) Under these conditions, performance is reduced, but still afovel y OS 6 RQ I dndn 7T
patches, ~0.6 for contralateral breasthere is evidence that thdabal gist of abnormality is

present even before any visibly actionable cancerous abnormalities are present. Radiologists
RAAGAYIdAEAKSR 0SG6SSYy WHoy2NXYIFEQ YIFYY23INIrYasz GF 1Sy
FQGA2YyFo6fS oy2N¥YIf A ns i womeRwhd gicendidddvelof caivcery Y 2 3 NI
Accuracy was above chance with 500 ms expo@eatrick C. Brennan et al., 2018; Evat al.,

2019)i2 GKS&aS WLINA2NR AYF3ASad ¢Kdzax IAa0 2F Foy2NXI €
signal present in medical images, although the exactgptual features contributing to the gist

of abnormality remain a gap in the literatutieat requires further research.

The existence of this gist of abnormality may initially sound implausible. However, think about
your first glimpse of a store. You might ask yourself ifgmlikely to find something that you
want here. You couldot do this perfectly in half a second, but neither would you be at chance.
Your expertise as a consumer would allow you to register the gist of the store, even if the item
you wanted was not in thdirst view. An expert radiologist can do something similar with a

mammogram.

Unsurprisingly, gist extraction performance does not reach the performance levels obtained by

experts when the stimulus remains visilolering regular clinical readingforexamp S I RQ 2F wm®n
gl & F2dzy R F2NJ 3Aad SEGNI OGA2y 2F OKS&G NI RAZ2IANI LIK:
during freeviewing(Kundel & Nodine, 1975%imilarly, freeviewing of a set of mammograms in

alaboratoryseéi A y3 LINPRdzOSR || RQ 2F mMddp F2NJ @kadsi Ay dzZh A KA Y
Birdwell, etal.,2013) ¢ KAt S Hpn Ya SELR&adaNB LINRRdIdzOSR 3IA&ad LISN
exposure(Evans, GeorgiaBmith, et al., 2013nd 1.14 after 500 ms exposure.

The increase in performance between rapid exposure andvi@ging seemingly fits with two

stage detection models in medical image perception that propose to divide visual processing into
an early and later stage. The first stage occurs rapidly and extracts global information about the
image, not unlike gist exction(Sheridan & Reingold, 2017) ¢ S vy & &wd-$t@yé& Detection
Modelasserted that a first stage filters the image and identifies features that require further
examinaton and that a second stage carries out a search over the identified locgBarensson,
1980) Swenssorargued that medical experts have acquired perceptual mechanisms that allow
them to extractand use this global information more effectively than novi&milarly, Nodine

I YR Y dafoRaf-bcal Search Modpbstulated that, when viewing a medical image, experts
obtain a global impression of the image, which constrains their subsequent g€arblodine &

Kundel, 1987)The gloll information is extracted from an image and compared to a schema
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built from prior knowledge. Schemas of normal and abnormal medical images help identify
potential perturbations, and focal attention is guided to these locations for further examination.
Inan updated version renamed thdolistic Modelan expert rapidly assesses an initial holistic
impression in order to constrain a subsequent seawkind process. During the seartd-find

stage, holistically identified perturbations are attended fowealhile the expert also scans the
image for any less salient abnormalities that were missed in the holistic @agelel, Nodine,
Conant, & Weinstein, 2007Kundel has argued for a model of radiologist performance that has a
LINEYAYSY(d NRES F2NHITYe aadayRAFIS 12 F KZNRAGASADOSY A SEK
similar to global gist processing as we have described (nedel, Nodine, Krupinski, & Mello
Thoms, 2008)However, there is an important difference between the holistic analysis of the
image as Kundel et al. understand it aolbgl gistprocessing as we are using it here. The holistic
representation contains information used to guide attention to locations where targets are likely
to be, while the gist representation is a ntotalized sense that this patient might or might not

have disease.

Another important difference between the Kundel account and global gist processing concerns
the time frame. The holistic phase of the Kundel et al. model encompass roughly the first full
second of the reading of an image. More modern warkisual attention would envision that

first second to be a mix of fast global gist processing and selective attention to a substantial
number of specific objects or locations in the fiéitvans et al., 2016)n the global gis

experiments, stimuli were flashed briefly (typically for 500 ms or less), for the purpose of limiting
volitional eye movements and attentional scrutiny of the images. This raises an interesting
guestion; would the global gist signal continue to growb§ervers had more time to look at the
image? Alternatively, might the sigraily be available if the images are briefly preserddhere

are phenomena that behave in this way, vanishing if the observer sees the stimuli for too long
(e.g. abnormal fusion in binocular visiBiolfe, 1983). Accordingly, in the preséexperiment

we compare performance of novice and expert viewers who view mammograms either for 500
ms or for as long as they like. The most interesting conditions in this experiment are those where
there is no localized pathology in the image. Is thégignal bigger, smaller, or unchanged by the
FoAfAdGe (2 t221 t2y3aISNI G2 SadlofArakK I WFANERID

2.5.Methods

We compared two experiments involving rapid assessment of the samd iseage stimuli using
two different groups of participants: novi@nd expert. The first experiment presented the
images very briefly for 500 milliseconds while the second allowed unlimited viewing time but
a1 SR GKS 20aSNBSNR (2 YIS I RSOAaAz2y 2y (K
experimental observers wertwo groups of medical experts in radiology and the control group
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naive participants, without medical training are unable to assess if a mammogram is abnormal or

not in 500 mgEvans, GeorgiaBmith, et al., 2013)The control group allowed us to determine if

naive observers would have accesst8tha 3A &G 2F Foy2N¥YIFfAGeé AF (KSe& 2
wkRA2t23Aad0a ¢SNBE (GSadSR a LHzNE 2F0UKSLIBIBREORE 08
US NIH: National Cancer Institute at the annual meeting of the Radiological Society of North

America (BNA) in 2018 and 2019. The RSNA meeting presents a unique opportunity to test

expert radiologists in numbers that are otherwise difficult to access. That opportunity comes with

methodological constraints. A betweaubjects design was needed as the RSNi#gedid not

Fft26 FT2N I &adzZFEFdelOR ST YIS WSNEF 2N N IIKOAFTAO AYIF 3ASa
second assessment of that imagedditionally, there is an inherent level of unpredictability of

testing in such settings. This is reflected, forragée,in the unequal numbers of observers in the

two radiologist groups, one group tested in 2018, the other in 2019.
Participants

A total of 50 participants took part in this study. A group of 11 radiologists with experience in
mammography (7 female, a@? to 65 years, 11 rightanded) participated in the no time limit
condition, while 16 radiologists took part in a 500 ms time limit condition version of the
experiment (9 female, age 38 to 63 years, 12 HAgdrded), which was part of a previously
colleded dataset in which spatially filtered mammograms were compared to unaltered
mammograms, of which the ratings for unaltered cases formed the dataset used in the current
experiment. A single group of 23 naive observers (21 female, age 18 to 33 yeafsrajtif-2

handed) participated both in the no time limit and the 500 ms time limit conditions.

Radiologists in this experiment were all at least at the resident level, who were currently

practicing reading mammograms. They were all experienced at readingmgrams in a clinical
setting, which was defined as having read at least 2000 scans in the last year. The radiologists in
the no time limit group read on average 5195 scans (std 2757, range 3000 to 10000) a year. They
averaged 16 years in practice (sté 9ears, range 4 to 30), and on average spent 63% of their

time diagnosing mammograms (std 33%, range 15 to 100%) in their work. The radiologists in the
rapid display time limit group read on average 5056 scans (std 3828, range 2000 to 12000) a year,
avergged 22 years in practice (std 11.9 years, range 2 to 38), and on average spent 59% of their

time diagnosing mammograms (std 35%, range 15 to 100%) in their work.

The lowest value of years in practice was slightly less than used a®# fmrtexpertisem some
previous studies, which used a enff of 5 yearqChin et al., 2018; Evans, Georg&mith, et al.,
2013) but matches the minimum years in practice used by Carrigan et al. (2018). Additionally,
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number of annual cases is a key determinant foodjreading performancéRawashdeh et al.,

2013) A study found that readers with 2000 to 4999 annual cases outperformed those who read
1000 cases or less on malignancy detection, but were not outperformed by thosenaiththan

5000 annual casdfeed, Lee, Cawson, & Brennan, 20T0us, tle radiologists in this study

could all be considered experienced observers of mammograms.

For the no time limit condition, radiologists were recruited during RSNA 2019. For the 500 ms
time limit condition, radiologists were recruited during RSNA 2018:eNatiservers were
undergraduates at the Psychology Department of the University of York (UK), participating for
course credit. All participants had normal or correcteehormal vision. This study was approved
by the Psychology Departmental Ethics Comrmité the University of York, and all participants

gave informed consent.

Two separate groups of radiologists were tested because a wstitiect design would have
required a sufficient time window between measurements to avoid memorization effects. This

would not have been practical in the RSNA setting.
Stimuli and apparatus

The 500 ms group of radiologists saw a total of 120 stimuli. The 120 stimuli were mammograms
of either mediolateral oblique (MLO) or craniocaudal (CC) view of two breasts (bila@ifral)

these, 60 were abnormal, composed of 20 with obvious lesions, 20 with subtle lesions and 20
mammograms acquired 2 to 3 years prior to cancer showing no visibly actionable lesions at that
time. The categories obvious and subtle abnormal were basedwondasily detectable the
abnormality was judged to be by an experienced collaborating radiologist. The other 60 were
normal mammograms that did not contain cancerous abnormalities. The 60 normal
mammograms were preassigned to the three categories of ababreo that each performance
measure was calculated between 20 abnormal and 20 normal cases. Only the trials with subtle
abnormal and prior stimuli, and their pr&ssigned normal stimuli were analysed in this study,
since these categories were also usethim other conditions, resulting in a total of 80 trials used

for analysis.

The number of normal mammograms was reduced to a singular set of 20 normal cases in the no
time limit condition (and both conditions for naives) in an effort to reduce the dumagiche
experiment and increase ease of data collection given that in the no time limit experiment image
viewing was selpaced. Thus, for the no time limgroup of radiologists, and both conditions for
naives, results are based on 80 trials. ThetBfuli were images of either MLO view or CC view
of a single breast (see figure 1B for an example). These images were subdivided into four
categories: normal mammograms of healthy women (norrmafmmograms with relatively
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subtle cancerous abnormalities (sldbnormal)mammograms of the breast contralateral to a
breast containing a cancerous abnormality (contralateral), mammograms from women who later
developed cancerous abnormalities but showed no visibly actionable lesions in these
mammograms that were aglired on earlier screening (prior§iven that unilateral

mammograms were presented in the no time limit experiment, we were able to add the category
of contralateral imageg images of a breast that did not contain a lesion but was contralateral to
a breast that did contain a lesiofthus, the no timdimit version of the experiment used a sub
selection of the cases from the time limit version, 20 of the 60 normal cases from the time limit
version, the 20 subtle cases which were split to create the temdasubtle and contralateral
categories, and all 20 prior cases. Neither priors nor contralaterals contained visible cancerous
abnormalities, as determined by a study radiologist. Thus, they would have been labelled as
Wy 2 NXYFE Q Ay NiB&Ekdead ubkd initkd no tinde dndit@ondition, since the goal was
to have unlimited visual processing until the participant chose to continue to the rating screen.
Due to experimental limitations, the 500 ms condition of the naives also did not include a mask
but since this would only increase the chance of naives detecting the gist of abnormality, this is

not considered a limitation.

C2NJ GKS NIXRA2f23Aadazr GKS AYF3Sa ¢6SNB LINBaSyidSR

2
(1920 x 1200 pixels). Forthe@$ 20 ASNWSNE>X GKS AYF3ASAa gSNBE LINBaSyl

monitor (1280 x 1024 px). The stimuli, themselves, were presented in the centre of the screen at
a size of 800 x 1000 pixels. The experiment was run using Matlab, utilizing the Psychophysics
Toobox 3 extensiongBrainard, 1997; Kleiner, Brainard, & Pelli, 2080)mammograms were
selected from the Complex Cognitive Procegs$ab database of stimuli, which can be shared

with other researchers upon request to the last author (K.K. Evans).
Procedure

The procedures for both the no tirdamit and timelimit version of the experiment were largely

the same. The experiment considtef 3 practice trials and &@st trials(for no timelimit

radiologists and for naive observers)@practice and 20test trials(time-limited radiologists). In

the practice trials, participants were familiarized with the display and rating screen, and feedback
on the stimulus (normal or abnormal) was given after they confirmed their rating. On the test
trials, no feedback was givehhere were 20 trials for each of the abnormal types, but the time

limit version for radiologists contained 60 rather than 20 normal cases (see stimuli and

apparatus)Presentation order was randomized for each participant.

Each trial began with a whifixation cross presented at the centre of the screen (500 ms),

followed by the mammogram being visible for either 500 ms (timmited condition) or until the
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spacebar was pressed (no tidimit condition). For the timdimited experiment, the

mammogram pesentation was followed by presentation of a mask composed of the same breast
outline, but with tissue replaced by a solid white field for 500 ms, before the rating screen was
shown. No mask was used in the no time limit condition since the goal was eaundixnited

visual processing until the radiologist chose to continue to the rating s¢ssenstimuli and
apparatus)On the rating scale, participants used the mouse to move a slider to register their
rating on the scale from 0 to a 100 (see figure Paxticipants had to confirm their rating by
pressing the spacebar, after which the next trial would start automatically. There was no masking

display following the ratingcale screen.

Participants were asked to rate how certain they were that the imageecfrom a woman with

breast cancer or that the woman would develop cancer in the near future. The specific
instructionsgiven in the no time limit conditog SNBY &, 2dz gAff 06S LINBaSy
mammograms. View them for a time of your own choosing, butakoperform a detailed search

of the image. Rather, focus on your first impression, your gut feeling, of the mammogram,

without trying to scrutinize and search the image to localize abnormalities. Remembé&Qhat

percent of the mammograms in the studyntains or will develop cancer in the near futuhou

will then rate the mammograms on the likelihood o€dntaining cancer or developing it in the

near future based on your general impression, on a scale from 0, certainly no cancer, to a 100,
certainlyO y OS NJ LINB & Sy instradidnssfdr thé tim&IBnid ShdRidddvére similar,
except that it did not warn them to avoid detailed search, but instead emphasized that the image
would only be visible for 500 ms.

Participants were asked to adopliberalrating criterion with regards to their decisions on

whether a case contained or would develop canedrile being as accurate as possible. There

was no time constraint for choosing a rating in either condition, but participants were asked to

report their first impression.

Different groups of radiologists participated in each of the two versions of the experiment (time
limit of 500 ms and no time limit first impression). The versions were conducted a year apart. A
single group of naivparticipants participated in both the no time limit and the 500 ms time limit
version in two different sessions, in a counterbalanced order. For naive participants there was no
masking used after the mammograms were presented in either experindeiet to he way the
experiment was programmed. For naives, eaghdition was tested in a separate session with at
least one day and at most 1 week between sessions. Before each session, naive participants were
shown a short PowerPoint presentation to familiaribern with the concept of mammogram

rating. This presentation explained how mammograms are made, how the brightness of the
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mammogram relates to tissue density, and common signs of abnormalities, as selected by a

radiologist.

A)

Fixation
cross

(300 ms)

Unilateral
Mammogram
(500 ms/no
time limit)
Rating scale for

mammogram (0-100/NO-
YES) Contralateral

Figure2.1: Simplified overview of the experimental procedure (A) and example mammograms for

each of the four types used in this experiment (B).

Data analysis

The datawere analysed using the framewaork of signal detection theory for hirtdassification.

Given a rating, a mammograwesO2 Y aA RSNBR (G2 6S Ofl 4aAFTASR Fa SAGK
depending on whether the rating is higher or lower than some threshididt classificatiowas

then compared to the ground truth. Signal detiect measuresvere used to separately assess

performance and response biases of the observer. Performaas®NB LINS &8 Sy 4§ SR 68 (GKS RQ
YSI &dzZNB 6 RQ T [ affdisd paSitive dgte)) AvindrezSlendlés ih& inverse normal or
ztransformation of theN 1 Sa0® Ly GKS O23yA0AQGS tAGSNY GdZNBZ RQ
'Yy F2NIdzy St aaSyardAagaiaesd NBFSNER (G2 GKS aidNHS L
will refrain from using the term in order to avoid confusion. Responsevieasneasured by the

criterion value, C (C = (z(true positive rate) + z(false positive &)} negative criterion means

that the observer was more likely to label the item as abnormal while a positive criterion means

that observerwasmore likely to labethe item as normal.

Receiver operating characteristic curves (R@& constructed by repeating this division of

trials into proportions of true positive (hits) and false positive (false alarms) using different
normal/abnormal rating cubffs (here, 10, 20, 30, 40, 50, 60, 70, 80, and 90). The area under the
curve (AUC) ofraROC, ranging from 0.0 to 1.0, represents the probability that a randomly
chosen abnormal case will be rated higher than a randomly chosen normaHasiey &

McNeil, 1982) Chance perfanance yields an AUC of 0.5. Higher AUCs indicate better
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performance in detecting the signal of cancerous abnormalifd&fCs were calculated using the

trapezoid function in Matlab.

50> ONARGSNRZ2Y |yR !}/ LISNF2NXYI Y QbBupXafid a4 dzNBa &
O2yRAGA2Yyad C2NJ adlFaGAadGAOlIt FylfeaAaafoib§ dza S|
the middle of the ROC. In all cases, false positixexe derived from ratings of 20 normal images

that functioned as the negative casesingsthe preallocated subset of 20 normal cases per

image type in the radiologist time limit version, or the single set of 20 in the other experiments.

The true positive rates were derived separately from responses to abnormal, contralateral, and

prior images. Statistical analysis was used to compare these performance measures between

image types, conditions, and group. The main statistical test used was mixed ANOVA, as there
were the withingroup measures of image type, and the betwagoup factors of eher group
(naive/radiologist) and/or condition (500 ms/no limit). For comparing condition effects in naives,

a repeated measures ANOVA was used as this was measured with aswitfect design. Paired

t-tests, corrected for multiple comparisowgere usedto compare specific conditions. One

sample ttestswere used to compare performance measures to chance.

In addition, reaction time (RT) data was collected in the no time limit condition. RT was defined
as the time between the appearance of the mammogrard tre time when the observer
confirmed their rating. Average reaction time of radiologists and naives was compared using an
independent samplestest. Repeated measures ANOW#eye used to compare reaction times

within each groupetween image types.

Where possible, a combination of frequentist and Bayesian statistics are reported. Bayes factors
can indicate the relative strength of evidence for two theories, wherg iB&ficates the

probability of the alternative compared to the null hypothesis underdbhserved data. Thus,
Bayesian statistics can indicate whether a 1sigmificant pvalue from a frequentist test provides
evidence towards the null hypothesis or if the evidence is insenglliienes, 2014)The latter is
generally considered the case withy®a factors between 0.33 and 3. Values outside of this

range provide evidence towards the null or alternative hypothesis, according to the heuristic
classification scheme that was proposedJeffreys (1998and is widely used to interpret Bayes
factors. Bayesian statistics were calculated using the computer software JASP, version 0.14.1
(JASPream, 2020Q)
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2.6.Results

Time Limit, Radiologst Ratings
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Figure2.2: Average ratings for each observer group for each type of image. Statistical results are

5dzy y S G Q&

images.
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Figure 2 shows the average ratings for each observer group (Radiologist and Naive) for each type
2F AYlFI3ISd® C2NJ GKS NIRA2f23IAadax

abnormal images are rated as significantly more abnormal than ¢neal images when viewing

5dzyySiitQa
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time was limited or unlimited (all p < 0.05). Interestingly, the data for the naives also show
significant differences between normal images and the other images, though the pattern of
ratings is different than that seen with thradiologists. It is notable that the naive observers
rated the prior images amore normal than the normal images. This can be seen as type of
artifact of stimulus selection. On returning to our image set, it appears that naiigdg have
usedsome roughassessment of density/complexity as a basis for their ratiagthe priors in

this study ardnadvertentlysystematically less dense than the normal images. The radiologists
appear to be sensitive to some signal beyond density/complexity since thetheaf@iors as

more abnormal. Since density and complexity are correlated with cancer risk, we can imagine
that the radiologists took those factors into account as well. Had the images been more carefully
balanced for density and complexity, it seems likbst the difference between radiologist

ratings of normal and prior images would have been greater.

Turning to signal detection measures, Figure 3 shows that the ROCs for individual radiologists
mostly lie above the diagonal chance performance line. Asdhadhe effects for the priors are
weaker than what has been seen in other studiatrick C. Brennan et al., 2018; Evanalet

2019) but this should be seen in light of the inadvertently lower density and complexity of the

prior images.
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Hits

Hits

500 ms

Abnormal

No time limit

Abnormal

Hits

False alarm False alarm

Figure2.3: ROC curves for the radiologist groups during no time limit and 500 méiniine
conditions per image typesubtle abnormal, contralateral, priorgach plot contains individual

ROCs (coloured dotted lines) and the group mean ROC (thick black line). The dashed grey diagonal
line indicates the line of no discrimination.

56



Ztransformed versions of the ROCs (zROCSs) produced curved functions. zROCs are straight lines
if the underlying signal and noise distributions are normal. The curved zROCs could be taken as
evidence that the underlying distributions are not normal; an interestiogsibility beyond the

scope of the current project.
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comparison category (subtle abnormal, contralateral, prior) and over the total image set for the

radiologists and naives under no time limit and 500 ms time limit conditions.

Effect of time limit on performance in radiologists

To see how timdrhitations affect performance of mammography experts, 2x2 mixed ANOVAs

GSNBE O2yRdzOGSR 2y RQ FyR !/ gAGK GAYAYy3a O2yRAGAZ2)
betweengroup factor and image typeiibtle abnormalpriors) as a withigroup factor. As

stated in the methods, no contralaterals were shown in the time limit condition for the

NI RA2f23Aa0az a2 (KSasS 46SNB y2i AyOfdzRSR Ay GKAa |
evidence for a main effect ofimage typeCo MX Hp O T p ddn 1 PBRalIFE.8Pevn ME ' LHT &1 N
YR Y2RSNI UGS SOARSYOS F2NJ I YIAYy SFFSOOG 2F GAYAy3
BRcusior3.828)¢ KSNB gl a y2 AAIYATFTAOIY(H Ay@S®M3 0GAzy STFSON
BFRhcusion=0.727). In the AUC data, there syagain, a large main effect of image type

OCOMIHPOT MM N*DFLP, BrukdFl2dlelDmbut nb dtdtistically significant evidence

2F L YFAY STFFSOG 2F GAYAYy P02 BRRMEND.Vhee@d@EME HpPpOT M DT
noevidenS§ FT2NJ Iy AyGSNI OlGAzy SFAE BRiuso0B@uThenp Ol ndnnnaX

BFncusionfor both condition and interaction effect can be classified as anecdotal evidence.for H

Our particular interest was in whether more time allowedperts to extract more meaning from
the priorimages. Podt 2 O O2 YLJI NAa2ya akK2gSR GKIG dzyt AYAGSR (A
(t(25)=2.796, p=.010, BFE1.942) but not a larger AUC (t(25)=1.325, p=.194~BRB78) on

58



F SN 3ST FyR (KS diffdrece dhove lor@yamedtbtdl @vildgnie KIBe R Q
combinationofno A Ay AFA Ol yi SFFSOG 2y !'!'/ YR I ySOR?2
might not be a true differencd.ooking at Figure 3, it is clear that performance is above chance in
both condiions but that the variability between observers makes it hard to determine if

unlimited time improves performance. Certainly, unlimited time does not produce a massive

improvement.

Turning to the criterion, there was a main effect of image type (F(1,2%982p=<.001,
" B3.677, BRusio=322.440). There was no evidence of main effect of timing condition
(F(1,25)=3.241,J" @ n y¥=n1I5, BRhdo=1.331) or an interaction effect (F(1, 25)=.405, p=.530,

£3.016, BRusio=0.423). Criterion was sigiaiéntly higher for priors than subtle abnormal cases

(mean difference=.345, p=<.001,:BE416.754).

These findings showed some indication that additional time might improve performance of
radiologists on detecting future abnormality in the priors, bhisteffect was inconsistent, as it

gra 20aSNIBBSR F2NJ RQ odzi y2aG !/ ® ! RRAGAZ2Y ¢
anecdotal evidence, further weakening the evidence. Overall, our results show no clear evidence

of an advantage of either timeondition.
Effect of time limit on performance in naives

hdSNF ff LISNF2NXEYOS a4 YSIFadNBR 68 RQ 2F (KS
from zero, as measured by a one samptest for the 500 ms (t(22)=1.330, p=0.196,86.308)

and theno time limit (t(22)=1.309, p=0.204, 8£0.301) condition. This is in line with previous
findings, and suggests that overall, the naive participants could not detect the gist of abnormality

in abnormal, contralateral, and prior images withovechance accuracy, even without a time

limit, emphasizing the necessity for perceptual expertise. More detailed analysis of the

performance of naives is available in appendix A.
Effect of image type and expertise on reaction times

To investigate whetheobservers spend longer judging certain cases we examined reaction times
under no time limit conditions. Radiologists had an average reaction time of 5526ms *+ 1884 while
naives had an average reaction time of 4213 £ 942. Radiologists’' RTs were higlaehfonage

type (tablel). The difference between groups was significant (independent samjpdss, tmean
difference=1298ms, t(34)=2.6, p=.014, d=0.9) probably indicating that experts had more to think

about when looking at an image.

For naives, a oneay RMANOVA on image type (hormal, subtle, contralateral, prior) showed no

significant effect of image type (F(3,66)=1.49, p=.226) on reaction time, which was also
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supported by the Bayesian RMNOVA with a BFof 0.285 indicating moderate evidence
towardsthis null effect. On the other hand, for radiologists, a avey RMANOVA on image type
(normal, subtle, contralateral, prior) showed a significant main effect of image type (F(3,36)=8.80,
p<.001), which was also strongly supported by the BayesiahR®INVAwith a Bl of 139.55

indicating extreme evidence towards this main effect. Frequentist-posttests with Holm

correction for multiple comparisons showed that responses were significantly slower for normal
(p=.048) and subtle (p<.001) than prior caselsich was supported by the Bayesian phst

tests with moderate evidence for normal and prior {8F6.83) and very strong evidence for

subtle and prior (B, =38.33). The frequentist posioc tests trended towards faster responses

to normal than sulde cases (p=.052), faster responses to contralateral than subtle cases (p=.052),
and faster responses to prior than contralateral cases (p=.052). Among these trends, Bayesian
post-hoc tests showed strong evidence for a difference between normal and qi@#ite

w=17.27), but only anecdotal evidence for subtle and contralaterab (BE.74) and contralateral

and prior cases (Bi-~=1.77). The strong Bayes factor for normal and subtle cases suggests that
this is a true effect, while there is only anecdataidence for the other two trends. Overall,

reaction times differed significantly between image types, with faster responses to prior than

both subtly abnormal and normal cases, and faster responses to normal than subtly abnormal

cases.

Table2.1: Averagereaction time in milliseconds for naives (n=23) and radiologists (n=11) during

no time limit conditions, per image type 95% CI).

Normal Subtle dnormal Contralateral Priors Overall

Naives 4263 +978 4132 £ 929 4085 + 911 4377 +942 4213 £ 942

Radiologists 5537 + 1661 6162 + 2261 5501 + 1715 4846 + 1735 5526 + 1884

2.7.Discussion

In previous work, we and our colleagues have found that, with 500 ms of viewing time, expert
radiologists an use a global gist of abnormality signal to classify normal from unilateral abnormal
mammograms. More strikingly, we found that that this gist of abnormality can be detected in
contralateral and prioabnormal mammogram@atrick C. Brennan et al., 2018; Evans et al.,
2019; Evans et al., 2016h the present study, we asked if that gist signal would be markedly
stronger if experts could scrutinize the image or, alternatively, if the brief exposure was required,

with any gist signal being hidden by sustained exposure. In fact, the data did not show either of
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these effects. The existence of a gist signal was replicated but there were no dramatic effects of

exposure duration.

The data from naive participants continuessttow that detection of the gist of abnormality
requires expertise. As expected, performance of naive participants was not significantly different
from chance in either the no time limit or the 500 ms condition. The prior images were judged to
be more normathan the actual normal images; a result that seems to reflect lower density
particular in the prior images we used. This finding fits with the previous reportsabfaatce
performance of naives with rapid exposyivans, GeorgiaBmith, et al., 2013)and also shows

that more time does not enable naives to access an accurate first impression to perform above
chance. Thus, radiologists ggess an ability that allows them to accurately perceive the gist of
abnormality in mammograms, that does not seem to be present in naive participants, regardless

of time constraints.

A central question for this study was whether the gist of abnormalituld/still be available to

expert observers when the stimulus was not flashed but was available until response. It could

have been that, with longer exposures, a transient gist signal becomes diluted or cancelled by
more sustained processes. Alternativetycould be that experts could exploit the gist signal

more effectively given more time. The data show that experts continue to perform at above

OKI yOS tS@Sta oAlK dzyft AYAGSR GAYSE gA0GK az2vYs
condition, but gaice this was not replicated in the AUC data there was no consistent evidence for
improvement in performance without timémited exposure. In thinking about a possible clinical

role for gist, this is something of a disappointment. The gist signal foripraages is reliable but

weak. The possible use of such a signal as imaging biomarker would be strengthened if conditions

could be found that produced a more robust signal.

For the abnormal images, the images that contained visible lesions, our exparidcéave
followed our instructions not to scrutinize the images. While this is a difficult instruction to verify,
it is certainly the case that our average total reaction time of 5.53 + 1.88 seconds is markedly
lower than any normal interpretation timeas the clinic (e.g. 128 to 138 seconds for routine
screening examinations of digital mammogragBerns et al., 2006; Kuzmiak et al., 201)in

the lab (e.g. average reading time per 2D mammography case was 33 seconds in a stikeening
condition (10% prevalence) of an archival set by 3 radiolo@&hardi et al., 2012)Those cases
included multiple images but even so, 5.5 second for one image would be hasty under normal
instructions. In a twedecision stage study on bilateral cases, the initial normal/abnormal
distinction took 23 seconds on average, followed by an additional 39 seconds to localize any
abnormalities in the final decision phage. F. Nodine, Melldhoms, Kundel, & Weinstein, 2002)

Thus, in the current no timBmit condition, radiologists were relatively fast in making their
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decision supporting the notion that they were indeed using a first impression rather than a

detailed examination to inform their rating.

Response times of radiologists were significantly affected by image type, with faster responses to
priors than normal (+704 mey subtle abnormal cases (+1323 ms). Additionally, responses to
normal cases were faster than subtle abnormal cases (+619 ms). These differences suggest that
the presence of a local abnormality increased reaction times. One could speculate that once
there was no time limit the experts started looking for a visibly localizable signal of abnormality
N} GKSNJ GKFy | 3ft26Fft LISNIUAINDBIF A2y 2F (GKS LI NByOKe\
visible local lesion is in line with clinical practice to reducesfalarms, cognisant of low

prevalence of breast cancer in screening population. In contrast, the possibility to search for local
lesions is not present when the image is flashed for 500 ms, meaning the radiologist must heavily
rely on their global gist inmession. This might make it easier to focus on information conveyed

by global, noHocalizable signals of abnormality during the first impression and thus maybe a
more optimal approach when aiming to develop a method for estdge triage to identify atisk
women for more frequent screening. On the other hand, this could also result in missing possibly
critical information present in the global parenchymal perturbation absent of a visible lesion.
However, as our data showed no consistent changes in githormance or criterion, any

changes in rating strategy between the conditions did not significantly affect radiologist ratings in
our paradigm. This might be due to the mix of mammograms containing visibly actionable lesions
and mammograms without vidi abnormalities (contralateral, priors), which could prevent the
radiologists from shifting to a strategy aimed at detecting the gist of abnormality in these more
ambiguous cases. It might be interesting to repeat the no time limit condition in a new

expeaiment using a test set composed exclusively of normal images and abnormal prior images.
Such a set would lack any localizable abnormalities. With such a set, one could, give readers the
information that, in this stack of 100 images, 50 came from womenwiad develop cancer

within 3 years. Readers could be asked to sort the images into normal and abnormal categories,
taking as much time as they cared to. Readers could be giverbgasese feedback after each
response. Perhaps these conditions would proel stronger evidence of sensitivity to the gist of

abnormality.

One additional consideration is that rating cases based on either a glimpse or a first impression is
not a typical behaviour for radiologists. It is possible that further training with dlsk for

possible triage of cases could improve their performance in gist and/or first impression ratings.
For example, they might become more accustomed to suppressing their inclination to perform a
detailed examination without a time limit or become matuned to their first impression in

both conditions. Or, if feedback is given, they might be able to further finetune their gist

62



categorisation, although this might require intensive training to affect perceptual processing.

These options could be explatén future experiments using training paradigms.
Conclusion

In the present study there was no clear evidence of additional additive benefit to the overall
global impression of an image with no time limit exposure without seavigdical experts show

the same overall performance detecting abnormalities in mammograms whether they use the
global gist signal based on rapid viewing or using their first impression assessment with no time
constrained viewingMedical experts are not more sensitive to thergiyof cancer with more

time following first impression rather than gist but maintain a conservative criterion for images

with no locally visible lesions.

In conclusion, it remains interesting that experts are sensitive to a global signal of abnormality
that can be detected in images acquired years before the cancer produces a localized sign in the
images. However, this signal remains small and was not meaningfully enhanced by removing the
viewing time limit when rating a mixed set of cases in a laboratetiyng. Thus, if this signal is to
have some clinical utility, it is worth continuing efforts to enhance that signal by for example

image enhancement.

2.8.List of Abbreviations

AUC: Area under the curve

BF: Bayes Factor

2.9.0pen Practices Statement

TheMatlab code used to run the experiment, and the datasets generated and analysed during
the current study are available on our OSF repositixydoi.org/10.17605/0SF.IO/5NWP8

This data is available under Creative Commons AttribellonCommerciaBhareAlike 2.0 UK:
England & Wales (CC-B&SA 2.0 UKAIl mammograms were selected from the Complex
Cognitive Processing lab database of stimuli, which can be shared Wwithresearchers upon

request to the last author (K.K. Evans).

Experiments were not preregistered.
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2.10.Appendces

AppendixA: Detailed effect of time limit on performance in naives
¢KS LISNF2NXIYyOS 2F yI O0S 20 bPBNBC o & OKI NJ O

values close to chance (0.5) in both conditions. Following the very low ratings for priors, shown in
Figure 2, we performed ongample ttests to further investigate this, which showed that naive
20a3SNISNBEQ RQ | O daUCstisdesskHari E54This iSthexase for the 50&msi K S
presentation (AUC: t(22)2.774, p=0.011, B&E4.51; d: t1(22)=2.139, p=.044, BFF1.47) and no

time limit conditions (AUC: t(22)3.233, p=.004, BF11.09; d: t(22)=3.06, p=.006, BF=7.85).

HowedSNE AY (GKS pnn Ya O2yRAGAZ2YS (GKS .l &Sa FIOG2N
626 NRa || aA3IYAFAOFLyGfte yS3IrdA@dS RQ LINAYS Ay (KL
As with the radiologists, the naive observer data for d', AUC, and criterion were analysed in

separate 2x3epeated measures ANOVA with condition (no time limit, 500 ms time limit) and

image type (normahbnormal, normaktontralateral, normapriors) as factors. There was a main

SFFSOG 2F AYF3IAS (2L F2N 02HFBASBRusBEBMPHC S HTDTYOT ¢
YI iOKSR Y2RSfaro®rpSmHu FyR !2%.558 BRuSEc®EsSo Sno ®PamMOT HTC
matched models=3.75e12), but no evidence of a main effect of timing condition. Nor were there

significant interaction effects. In fact, the i Bisionacross matched models for condition was

nemMyT ORQO YR nompp 6! ! /03 020K LINEF®@mRAY I Y2RSNI (

effect of timing condition.

For criterion, there was evidence of a main effect of image type (F(1.26, 27.78)=26.18)1p=<.
' B3.543, Bhousionacross matched models=2.97e7), and a main effect of timing condition (F(1.16,
22.00)=467 LJI' ® n f=11¥5, BRludoracross matched models=30.55). A pairwise comparison
showed that criterion was higher (more conservative)ia 500 ms time limit conditions (mean
difference = .184, p=.042). Pairwise comparisons of image types showed that criterion was
significantly higher when rating priors than abnormal (mean difference=.45, p=<.001) and
contralaterals (mean difference=.38,9801). This analysis suggests that removal of time limit

had no effect on performance in naives aside from making their ratings more conservative.

211Commentaty ! !/ @& RQ
2KAES 62GK '/ FTYR RQ N6 YSI &dNBeweenBignalKS oAt Ale

and noise, they can yield slightly different patterns of results depending on the sigthabise
distributionsb ¢ KS OF f OdzAf A2y F2NJ RQ | aadzySa GKIFG aAradyl
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equal variance. When the AUC&culatedusingthe trapezoid method, as it was done in this
study, itis based on the ranks of thets and false alarms, ardbes rot rely on an assumption of
normal distributions Thus, AUC ismaore reliable measure of the overall discriminability of
normal/abnormal In contrast, d' represents the discriminability at a specific threshold, which is
more informative for clinical applications where a threshold must be established to identify at
NA ail OI & Sanbe infldeicedibi e distlbutiasf signal and noisé herefore, it is

useful to analyse both measures to obtain a complete picture of performance.

In this study, he lack of timing condition effect on the AUC measure suggests that viewing time
did not significantly influence overall perfnance, especially since the Bayesian statistics
aK26SR (KS SOARSYOS T2NJ AYLINROSYSY (i170982)RQ 4 A i

Chapter 3Early signs of cancer present in the fine detail of

Mmammograms.

Chapter 3 was published &aat E. M., EvansK. (2023) Early signs of cancer present in the fine
detail of mammograms. PLoS ONE 18(4): e02828%2.rg/10.1371/journal.pone.028287This

version of the aiitle has been accepted for publication after peer revimwis not the Version of
Record and does not reflect peatceptance improvements. It also has edited headers and figure
numbers to fit with the thesis format. The Version of Record is availabieeoal
doi.org/10.1371/journal.pone.0282872

3.1.Abstract

The gist of abnormality can be rapidly extracted by medical experts from global information in
medical images, such as mammograms, to identify abnormal mammograms with-etawvee

accuracy even before any abnormalities are localizable. The current study evaluated the effect

of different highLJr 88 FAf 6 SNAR 2y SE LIS Nliectdg theigtbf2 3AaGaQ |
abnormality in mammograms, especially those acquired prior to any visibly actionable lesions.
Thirty-four expert radiologists viewed unaltered and highss filtered versions of normal and

abnormal mammograms. Abnormal mammograms coeslisif obvious abnormalities, subtle
abnormalities, and currently nhormal mammograms from women who would go to develop

cancer in 23 years. Four levels of higtass filtering were tested (0.5, 1, 1.5, and 2 cycles per

degree (cpd) after brightening and coast normalizing to the unfiltered mammograms. Overall
performance for 0.5 and 1.5 did not change compared to unfiltered but was reduced for 1 and 2
cpd.Critically, filtering that eliminated frequencies below 0.5 and 1.5 cpd significantly boosted
performance on mammograms acquired years prior appearance of localizable abnormalities.
CAfGSNRAY3 G nop RAR y2i OKFEy3aS GKS NI RA2f 23,
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mammograms whereas other filters resulted in more conservative ratings. The firmingsus
closer to identifying the characteristics of the gist of the abnormal that affords radiologists
detection of the earliest signs of cancer. A 0.5 cpd-pigss filter significantly boosts subtle,

global signals of future cancerous abnormalitieggntially providing an image enhancement

strategy for rapid assessment of impending cancer risk.

3.2.List ofAbbreviations

Cpd: cycles per degree

ROC: receiver operator curve
AUC: area under the curve

AIC: Akaike Information Criterion
LSF: aw spatial fequencies

HSFhigh spatial frequencies

3.3. Introduction

Breast cancer is (one of) the mgsevalent and deadlgancers in women worldvide, according
to global data from 1990 to 201(Fitzmaurice et al., 201And 2020 GLOBOCAN cancer statistics
(Ferlay et al., 2021 As with most cancers, early detection is vital, as it allows for treatment
before the disease progresses and improves clinical outcg@@eman, 2017 Currently, the
most commonly used methods of screegiand early detection are clinical breast exams and
digital mammography, as they are effective and esféicient (Coleman, 20173nd have been
estimated to reduce mortality by 30% to 5q%abéar et al., 2014Pigital mammography is
especially for early detection, as it allows detection of smallglirécal tumoursof <15mm that
are not detectable with a clinical breast exdirabér et al., 2014)However, 280% of cancers
are still estimated to be missed during screening in North AméBud, Wallace, & Yankaskas,
1992; Maijid, de Paredes, Doherty, Sharma, & Salvador, 2003)

Further reducing breast cancer mortality through screening could be achieved by increasing
screening fequency. However, increasing screening frequency across the entire population is not
costeffective, and risks increasing false positifdsindelblatt et al., 20099r even over

diagnosis of benign breast conditions, which has been associated with unnecessdGhisk,
Boudreau, Fishman, & ElImore, 20a0)d negative mental health effec{datoi, Zhu, Shah, &
Lawrence, 2006; SamgiChorot, Valiente, Lostao, & Santed, 2002)

Instead, women at an increased risk should be offered more frequent screening. Currenigl, at
women are often identified through familial history of breast cancer, or genetic markers, such as
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BRCAL orBCA2 mutations, which cause approximately 60% of hereditary breast ¢@natri,
Gostout, & Lindor, 2010However gene screening is costly and BRCAL or BRCA2 mutations
cause only 5% of breast cancer, limiting applicability to the general population. An alternative,
more universal approach would be to identifyrigk women based on perceptual features in
their exising mammograms. This method relies on the robust observation that experienced
radiologists can capture both current and future cancer risk in the blink of an eye through

extraction of the gist of abnormality.

This gist of abnormality is extracted througiprocess that rapidly and neselectively extracts
global structure and statistical regularities from our visual environn@tivva, 2005; Oliva &
Torralba, 2006)In normal observers, this allows them to categorize a flashed sceneg)3@sma
beach or a forest with high accusa@Greene & Oliva, 2009; Joubet al., 2009)In addition,
medical expert@re extract the gist of medical images, allowing them to ®igtish normal from
abnormal cases after 100 to 500 milliseconds of viewing time for chest radioditéphdel &
Nodine, 1975)cytological images from PAP smeg@sgans, GeorgiaBmith, et al., 2013)and
mammogramgEvans, GeorgiaBmith, et al., 2013; Evans et al., 2016)portantly,
mammograms of women taken 3 years prior to their eventual diagnosis (priors), that did not
contain detectable cancer even when viewed retrospectively, are scored as significantly more
abnormal than mammograms of women that did not go on é¥elop cancer in the near future
(Patrick C. Brennan et al., 2018; Evans et al., 201Rjs, the gist of abnormality ig@bust signal

that can rapidly be extracted from mammograms.

Thus, a high gist of abnormality score could be a promising risk factor to flag mammograms for a
secondary opinion (current risk) or to recommend women for more frequent scanning (future

risk). Alvantages of the gist signal are that it can be extracted from already existing

mammograms, and it is already visible in cases up to 3 years prior to cancer onset, without visibly
actionable lesions. Unfortunately, the signal strength in priors is relgtiveak with an observed

RQ 2F nduu | yR |y | NBI-0.6fof Ribrawitiiolt Sisible aimddrBalities! | / 0
(Patrick C. Brennan et al., 2018; Evans et al., 201Rj)s, methods to strengthen the gist of

abnormality signal, especially in priors, are needed to make it more clinically viable.

Spatial frequency filtering might alloa way to isolate and enhance the perceptual features that
comprise the gist signals in mammograms. Visual information can be summarized as spatial
frequencies in various orientationsow spatial frequencies (LSF) provide coarse information
spread acrosa large areawhereashigh spatial frequencies (HSF) provide finer detdifor
exampleedges and contourd.ogether, LSF and HSF provide important information about the
texture and structural regularities in our visual environment. But it is posdillethe gist of

abnormality is stronger in specific frequency bands, or that it is masked by other frequency bands
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that make it harder to perceive. Interestingly, filtering out HSF strongly redacearacy of

NFGAYy3 y2NX¥YIt @a | oy 2 oi06twithYul apacguinhdanyiiogrand®yY | RQ
only 0.26, whildiltering out LSF resulted in a relatively hRi2 2 fEvansdetiat, 2016)hus,

gist of abnormality seems to h@eferentiallycontained inHSE althoughthere was still a small

reduction in performance.

Conflicting findings have been reported on the effects of spatial frequency filtering on general

gist extraction. Merged spatial frequencies from two scenes were most frequently perceived as

the LSF scene with 30smmiew time, but with 150 ms HSF domina{Sa¢hyns & Oliva, 1994)

suggesting an early importance for LEBwever, recent evidence points to the importance of

HSFdr scene gist whetakingcontrast normalization into account. Natural images contain more

LSF than HSF contrast energy, following an inverse powdPkfetto, Wilder, & Walther,

2020). This means that H®Inly images have lower overall visibility. After contrast normalization
human observers showed equal performance on gist categorization of LSF and HSF scene images
(Perfettoet al., 2020)

SinceEvans et al. (201@lid not contrast normalize the mammograms, the reduction in
performance for HSF compared to full spectrum mammograms rhigvebe caused by
reduction in contrast enesg Additionally, HS¥etaining filters might differentially affect gist
signals in different conspicuitieShecurrent study aimed to investigate the effects of five levels
of highpass spatial frequency filtering on the gist of abnormality in mammograithsthree
different conspicuitiesvhen applyingcontrast normalizationContrast normalization was
combined with arightness increas®m ensurethat the higher spatial frequencies were bright
enough to be perceivedOur results show that some higlass filters preserved overall
performance, and more importantly, enhanced performance in mammograms taken prior to
development of visible, actionabBbnormalities. These findings provide a promising avenue of

using highpass filtering image enhancements to improve gist of abnormality risk factors.

3.4. Methods

Participants

A total of 34 participants took part in this experiment, which was conductéganversions, an
in-person experiment and an online experiment. The online version was set up to aypEdson
contact during the COVAIO pandemic. All participants were radiologists with experience
reading mammogramm a clinical setting, which was fiteed as having read at least 1000 scans

in the last year.

Sixteen participants took part in the-person version of the experiment (9 female, 32 to 64

years old, mean 50.7%0.8). They read on average 5056 scans (std 3707, range 1000 to 12000)
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over thelast year, average 22 yedrspractice(std 11.6yearsiange2 to 37), and on average

spend 59% of their time diagnosing mammograms (std 34%, range 10 to 100%) in their work.
Eighteen participants took part in the online version of the experiment (13 238 to 67 years

old, mean 46.9 +10.1). They read on average 5694 scans (std 2996, range 1000 to 10000) over
the last year, average 14 yeanspractice(std 10.6 yearg,ange?2 to 37), and on average spend

70% of their time diagnosing mammograms (8#1%, range 25 to 100%) in their wofhe 5
radiologists at the lower end of cases read in the last year (<2000) had been practicing for 7, 18,

19, 30, and 37 years respectively, indicating extensive experience.

Participants were recruited iperson dunng theRadiological Society of North Amer{g&SNA)

2018 conference, and online over a period from 2020 to 2022, with recruitment emails sent to
individual contacts, collaborating hospitals in the United Kingdom, and newsletters of various
radiology profesion groups in the UK and the Netherlan@lee sample size of the radiologist

groups was dictated by the availability of participafitkis study was approved by the Psychology
Departmental Ethics Committee of the University of Y¢£k307) and all partipants gave

informed consent either writen on paper AMISNE 2y 0 2NJ RAIAGLHft & oe& Of
dzy RS NA ( | y Raftdr ngdeling-tie Ndserit forrfonline).

Stimuli and apparatus

The stimuli used in this experiment were-ientified bilateral maamograms sourced from the
Complex Cognitive Processing Lab database of stimaigdiolateral oblique (MLO) or
craniocaudal (CC) vielwour mammogram categories were used: normal mammograms of
healthy women (normal), mammograms with obvious cancerou®abalities (obvious),
mammaograms with subtle cancerous abnormalities (subtle),ranchmograms without visibly
actionable lesions taken three years prior to sign of abnormality (priors). Normal mammograms
were defined as cases without abnormalities, of viahtlse woman did not develop cancer in the
next three years. Obvious and subtle mammograms were selected from a set of mammograms
containing an abnormality, which were conspictityed by an experienced mammogram

reading radiologist based on the visibildf/the abnormality (obvious, subtle). Prioxgre

defined aanammograms without any visible cancerous abnormalities of womenwsre then

found tohavedeveloped cancer within the next three yearstrospectively

MATLAB was used to create the spatially filtered stimuli. Stimuli were filtered a$imgppass

2"d order Butterworth filter with four different cubff points. Filtered stimuli were brightened
using a custom setting multiplying any pixel values abov@aDof a 0 to 255 scale) by 3.5. Next,
the filtered images were contrast normalized with the SHINE Toolbox for each group of filtered

images together with the unfiltered imageSontrast normalization removes effects from overall
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differences in brightnesbetween the filter groupg-our groups of spatially filtered images were
created, namely).5, 1, 1.5, and 2ycles per degree (cpd), examples of which can be seen in Fig
1B.

A)

Until spacebar

Figure3.1: Procedure and stimuli used in the experiment. (A) Example visualization of the
different screens in one trial, showing the fixation cross, mammogram case, mask, and rating
screen. (B) Examples for the unaltered (0) and-pags filtered versions (0.5, 1, 1.5, and 2 cpd) of

a unilateral mammogram

The inperson experiment was run using MATLAB, utilithiegPsychophysics Toolb8x
extensiongBrainard, 1997; Kleiner et al., 200The online experiment was run on a custom web
page. Participants were instructed to sit at a comfortable viewing distance of approximately 57
cm. Inperson, stimuli were presente@ly | ™ T IQolohrndi§pkay (5930 x 1200 pixels) with
an 85 Hz refresh rate. Ftite online experimentparticipants performed the experiment on their
own laptop or PCFor the online experimeng screen calibration method based on the work by
Q. Li, Joo, Yeatman, and Reinecke (2023)usedo ensure the stimuli wer presented at 10

degrees of visual angle in height
Procedure

The experiment consisted of 3 practice trials followed by 3 blocks of test trials. In the practice
trials, participants were familiarized with the display and rating screen, and were giveraided

on the stimulus (normal or abnormal) after they confirmed their rating. In the test trials, no
feedback was given. Each trial started with a fixation cross in the centre of the screen (500 ms),
followed by the bilateral mammogram being shown for 508. imhen, a mask consisting of the

solid white shape of the breast tissue was shown for 500 ms. Next, the rating screen appeared,
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on which moving the mouse changed the rating on a scale from 0 to a 100. Pressing the spacebar

would confirm the current ratingafter which the next trial automatically started (see Fig 1A).

Participants were asked to ratew certainthey werethat the imagecamefrom a woman with

breast cancer, or who will develop it in the near futuParticipants were asked to adopt a liberal

call back criterion, while being as accurate as possliiere was no time constraint for the

rating in either condition, but participas were asked to report their first impression. During the
in-person experiment, ratings were made on a scale from 0 (abnormal) to 100 (normal), while the
online experiment used a scale from 0 (normal) to 100 (abnormal), due to a difference in coding.
This is not expected to be any hindrance in comparing the two experiments, as the rating scale
was clearly labelled in the instructions and on each rating screen, and 3 practice trials were

available.

As previously stated, each participant completed thremcks of test trials. The same

mammograms were used in each test block, to allow for direct comparison of performance. Each
test block consisted of 120 trials: 60 normal, 20 obvious abnormal, 20 subtle abnormal, and 20
prior abnormal, in randomized ordern® of the blocks always showed unaltered mammograms
(FO) to ensure a baseline of performance, and the two other blocks showed two out of the four
possible filter groupsSelected blocks and their order were randomized, although the switch

from in-person toonline measurementsausedalower number of participants for the F1 filter

and the F1.5 filters than the F0.5 and the F2 filter. In total, all 34 participants rated FO, 21
participants rated F0.5, 15 participants rated F1, 13 participants rated F1.39gmatticipants

rated F2.

Data analysis

Toanalyse our data, a signal detection theory framework was used to calculate performance
measures, as previously described in an earlier publicdBaat, Farr, Wolfe, & Evans, 2021)
GDAGSY I NI GAWaBA2 yANRIYNBRNGEZ 0SS Off f £a 2MNI IR 21N
depending on whether the rating is higher or lower than some threshold. That classifiegton

then compared to the ground truth. Signal detection measuwvese used to separately assess
performance and response biases of the observeridPmancewasNB LINE A Sy 6§ SR o0& {0 Ff
YSF&aAdzNBE 05Q Ik zfaldepoSitive Jate))i ihdrezSlenbitis ih§ idverse normal or
ZGN} yAFT2NXFGARZY 2F GKS NIXdGSaveo Ly O23yAGAaAgs f
GaSyarBNEA G@eE (ST aGNHzS LRAAGADGSE 2N GKAGE NI
from using the term in order to avoid confusion. Response Ww&smmeasured by the criterion

value, C (C = (z(true positive rate) + z(false positive rétg)X negativeriterion means that the

71



observer was more likely to label the item as abnormal while a positive criterion means that

observerwasmore likely to label the item as normal.

Receiver operating characteristic curves (R@& constructed by repeating thisidsion of

trials into proportions of true positive (hits) and false positive (false alarms) using different
normal/abnormal rating cubffs (here, 1 to 99). The area under the curve (AUC) of an ROC,
ranging from 0.0 to 1.0, represents the probability tatandomly chosen abnormal case will be
rated higher than a randomly chosen normal céldanley & McNeil, 1982 hance performance
yields an AUC of 0.5. Higher AUCs indicate better pednoain detecting the signal of

OF YOSNRBdzA | oy2NXNIfAGASE®E

Additionally, a technique for averaging ROCs from mnediler, multi-case datasets was used to
calculate an average ROC for visualization purpfse£hen & Samuelson, 201B) and

criterion were derived using a rating eaff of 50, as this is the middle point of the rating scale.
AUCs were calculated across the entirermgtscale anavere calculated using theklearn.metrics
aucfunction in Python. These performance measures were calculated per participant for each of
the filter conditions and mammogram category (obvious, subtle, and prior) combinations. Pre
processing ird signal detection measures was performed in Python 3 using the following
packages: json, scipy.stats, numpy, glob, sklearn.metrics auc, and csv. Next, statistical analysis
was performed using SP3&0.0.0 (190jor the univariate analysis of variance. For the primary
analysis using linear mixed models, we usegRion 4.1.3n RStudio, and the following

packages: tidyverse, Ime4, sjPlot, rstatix, ggpubr, and emmeans. Additionally, boxplot figures
werecreateddza A y3 IILIX 2G Q&8 3IS2YWPo2ELIX 20 FdzyOlAzyod ¢KS&S
arrangement, except for the whiskers, which contain 1.58 times the-martile range, which is
approximately equivalent to the 95% confidence interval of the di&teGill, Tukey, & Larsen,

1978)

Firstly, univariate analysis of variance was performed to determine if there was any between
subjects difference in performance between thepgarson and online groups phrticipants,

using group as fixed factor, adding number of cases read as a covariate as previous research has
shown a clear positive correlation between cases read and gist perforn{gwees et al., 2019)

As no main effect of group was found, the two groups could be merged into one dataset.

The primary goal of this study was to investigtite effects of each higpass filter on

performance per image type relative to the unfiltered condition, for which a linear mixed model

gl & dzASR® ¢KS Y2RSt 61 & NMHzy &aSLINIGSte F2N) 5Q5 ONJ
Category (3 levels: Obviousiile, Prior), and Frequency (5 levels: FO, F0.5, F1, F1.5, and F2), an

Interaction factor between Category and Frequency, and a random intercept factor for
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participant ID to model individual differences. Akaike Information Criterion (AKg)ke, 1974)
was used to estimate the goodnessfit including a penalty for the number of parameters

included in the model, where a smaller AIC represents a better fit.

To investigate whether the category, frequency, aneiattion factor contributed significantly

to the fit of the mixed model, the full model was compared to a trimmed model in which one of
these factors was removed. This was analysed using a log likelihood ratio test with the analysis of
variance (ANOVA) fation in R. If the full model was significantly better than the trimmed

model, this provided evidence that this factor contributes significantly. For each factor that
contributed significantly, poshoc comparisons of the model estimates were used to itigate

which specific levels of the factors differed from each other. These comparisons used Tukey

corrections for multiple comparisons and Kenwai@ 3 S NI2 dof-fre&lanNdethad.

3.5.Results

Overall performance

Overall performance was above chancd,Jie A OF G Ay 3 LINS@A2dza FAYRAYy3a
and the AUC was above 0.5. Criterion values above 0 show that participants were biased towards
conservative ratings. Estimated means from mixed models illustrate how these estimates follow

the same pattens as the real data (Table 1). Performance was above chance for most

participants across filter conditions for obvious and subtle abnormalities, shown by individual

ROC curves above the chance line (Fig 2). However, for priors, performance was marlardly low

or at chance for some participants in some filter conditions. Overall, participants could extract

the gist of abnormality across all filter conditions but regularly struggled with pases which

will be further explored in the mixed models.

Table3.LDNR dzLJ | #SN} 38 IyR YAESR Y2RSt SadAavYldSR

unfiltered mammograms and each higpass filter frequency.

FREQUENCY Do AUC CRITERION

Average Estimated Average Estimated Average Estimated

FO 0.685 0.715 0.645 0.640 0.193 0.184

FO0.5 0.937 0.897 0.657 0.665 0.469 0.27

73



F1 0.390 0.297 0.557 0.551 0.538 0.514

F1.5 0.666 0.708 0.611 0.617 0.790 0.879
F2 0.277 0.318 0.562 0.542 0.301 0.664

Obvious Subtle Priors

e
™

e
=2}

I
s
True Positive Fraction

True Positive Fraction
True Positive Fraction

=
o

0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
False Paositive Fraction False Positive Fraction False Positive Fraction

Figure3.2: ROC curves per image category. Average and individual (dotted) ROCs per frequency
condition (0, 0.5, 1, 1.5, and 2 cpd) for each abnormal mammogram category (obvious, subtle,
and prior). The black dashedd represents chance levels, with anything above it being above

chance.

Univariate analysis of variance showed no significant effect of grodp)mNBE 2 Yk 2yt Ay SO 2y 50Q
unfiltered mammograms when accounting for number of cases read in the previous year
(covariate) (corrected model F(2,31)=2.198, p=.128). This supports the decision to combine the

data from the two groups for the main analyses.

CFrOG2NER AYyTFfdzSYyOAy3d 5Q LISNF2NXIYyOS YSI adaNB

C2NJ 5Q tAYSEFENI YAESR Y2RSt | triduodsdofCategrg 6 SR SJPIA RSy (
Frequency, and an Interaction (intercept: 1.264, random effect of ID:0.071, AIC: 406.62). An

ANOVA comparing lelikelihoods of the full model to one without the category factor showed a

significant contribution of category to thmodel fit (%(2)=127.14p=<.001). Similarly, frequency

contributed significantly to the model fit{(4)=43.514p=<.001), as did the interaction factor
(-%(8)=51.655p=<.001).

Pair-wise comparisons were performédr frequency (Fig 3A), and mammogram catedéiyg

3B) Based on these comparisons, speciiteliaction effects were reviewe@omparingthe

unaltered mammogramto the 0.5 and 1.%5pd highpass filterghat showedno significant

difference in2 @S NJIFéorprios, @P g a AAIYAFAOIYyGt e KAIKSNI F2NJ Cndp
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difference=0.646, t(263)=5.566, p=<.001) and F1.5 (estimated difference=0.499, t(268)=3.443,
p=.006) than unfilteredFQ mammogramsMeanwhile, there was no significant differenceDi
between FO and FO0.5 for obvious (estimated difference=0.091, t(264)=0.781, p=.936) or subtle
(estimated difference=0.011, t(263)=0.098, p=1.000) mammogrior$:0 versus F1,%here

was nodifference inDQ  d@idwd mammogramgstimated differenceg.068, 1(268)=10.467,
p=.990)butCm ®p NIBft dubtErRammd@ramgestimated difference=0.453, t(268)=

3.128, p=.017)The same pattern of results was observed for AUC (appendix A).

A)  Overall B)  Obvious Subtle Prior
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Figure3.3:Boxg 24 2F 5Q | ONR&aa O2yRAGAZYy&ad 91 OK 02E
coloured box containing the 2%and 75" percentiles, with extending whiskers containing the 95%

Cl, with any outliers plotted as dots. Significance of pairwise compaissiocated in the figure
GAGK FTLF dnpX FFILF OAMIFFFILFE dnamd o610 . 2ELIX :
ME M®pS YR H OLIRO® tIANBAAS O2YLI Nrazya 27
FO than F1 (estimated difference482, 1(271)=6.080, p=<.0001) and F2 (estimated

difference=0.397, t(282)=4.502, p=<.0001), but did not differ significantly from F0.5 (estimated
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difference=0.181, t(273)=2.637, p=.067), and F1.5 (estimated difference=0.007, 1(282)=0.083,
p=1.000candesy GNBYRSR (246 NRa&a | KAIKSNI 5Q Ay Cndpd 0. (
mammaogram category (obvious, subtle, and prior) and frequency, to illustrate mammogram

OFGS3I2NER YR AYUSNI OGA2Yy STFFSOGaAd tIANBAEAS O2YLI NJF
wassignificantly higher for obvious than subtle (estimated difference=0.462, t(258)=7.278,

p=<.0001) and prior mammograms (estimated difference=0.683, 1(258)=10.763, p=<.0001), and

higher for subtle than prior mammograms (estimated difference=0.221, t(238530=<.001).

Factors influencing the bias in rating measure

For criterion, linear mixed model analysis showed evidence of significant contributions of
Category, Frequency, and an Interaction (interc€pt:08, random effect of ID: 0.323,
AIC:356.35). AANOVA comparing ldikelihoods of the full model to one without category
showed a significant contribution of category to model fi{Z)=48.458p=<.001). Similarly,
frequency (?(4)=53.488p=<.001) and the interaction effect’(8)=16.563p=.035) contributed
significantly to the model fit. Pairwise comparisons of main effects can be observed in Fig 4,

showing that participants became more conservative for all filter conditions except FO0.5.
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Figure3.4: Boxplots of criterion across conditions. Each boxplot shows the median as the line
within the coloured box containing the'2&nd 75" percentiles, with extending whiskers
containing the 95% CI, with any outliers plotted as dogmifiiance of pairwise comparisons of
main effects is indicated in the figure with *=p<.05, **=p<.01,***=p<.001. (A) Criterion across
frequency conditions (0, 0.5, 1, 1.5, and 2 cpd). Pairwise comparisons of frequency showed that
criterion was significangl higher for FO than F1 (estimated differen€e3295, 1(261)%5.640,
p=<.0001), F1.5 (estimated differeng@€95, 1(264)=9.176, p<.0001), and F2 (estimated
difference=0.480, t(264)=6.329, p=<.0001), but did not differ significantly from F0.5 (estichate
difference=0.086, t(261)=1.477, p=.579). (B) Criterion for each mammogram category (obvious,
subtle, and prior) and frequency, to illustrate mammogram category and interaction effects.
Pairwise comparisons of mammogram category showed that criteriansigaificantly lower

(less conservative) for obvious than subtle (estimated differe@@82, t1(258)=.345, p=<.0001)
and prior mammograms (estimated differene&47, t1(258)=6.517, p=<.0001), but did not differ
significantly between subtle and priorammograms (estimated difference£16, t(258)=2.172,

p=.078).
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3.6.Discussion

5Q FYyR !/ YAESR Y2RSt TAYRAyhssfilRS sgpifcantyN: 4§ S (K|
increased gist extraction performance in mammograms acquired years prior to @msety

visible cancerous lesions@asboostedby 0.646 for FO.5 and by 0.499 for F1.5 respectiely

considerable increase. Additionally, 0.5cpd High 84 FAf GSNA RAR y20 AYLI Oi
performance on obvious or subtle mammograms. This strosgdgests that removing the

lowest frequencies in mammograms can enhance the gist of abnormality for current presence or

future risk of cancer in cases that do not yet show any visibly actionable signs of cancer, while

retaining the signal of current abnouatities.

Radiologists rated mammograms that maintained only frequencies over 1, 1.5 and 2 cpd more
conservatively compared to those with frequencies above 0.5 cpd or those with full spectrum.

Thus, filtering out spatial frequencies below 0.5 cpd wouldHeemost suitable, as it did not

lj

(

NJ

AAIAYATFAOLIYyGte FFFTFSOG 20aSNIBBSNNaA RSOAaA2y ONRKGSNA 2,

mammograms, and enhanced it for priors. Gist ratings for theseégh filtered mammograms
could be used to flag missed cuntecancers for a second opinion and for enhanced screening

when no abnormalities are found.

Out of thetestedfilter conditions, two(F0.5 and F1.5howed retained overall performance and
increased performance on priors. However, the other two filter ébods (F1 and F23howed an
overall dropin performance without increasing performance for any d4upes.This pattern

could be explained by different effects influencing performarkiestly,frequenciesoelow 0.5
cpdmight maslgistsignas, especially in priorggsulting inan increase in performancghen a
FO.5filter is applied, perhaps because thésnoveswidespread¥ 6 f dzNbreast deBsi¥y\While
breast density can be a risk factor for breast cancer, previous research found niatonre
between BIRAD density and gist of abnormality ratifiysans, Birdwell, et al., 2013; Evans et al.,
2019; Evans, Georgigmith, et al., 2013; Evans et al., 201%¢condlyintermediate frequencies
between ©.5 and F1 mighibclude somémportant aspects of the gist signa&ausing a

significant drop in performance when filtering bel&4&.Thirdly, increased performance on priors
with a slight decrease for subtle abnormalities whempving signal between Fihd F1.5
suggestghat this frequency bandontain somegist signal, but alsocontributesnoisethat might
obscure global signals of (future) candeastly, reducegerformancewhen spatial frequencies
below 2 cpd are removed from mammograpaintsto the importance ofF1.5¢ F2cpd for the

gist signalTogether these findings suggest the gedtabnormalityis contained mainly i0.5 to 1
cpd and 1.5 to 2 cpd spatial frequenciedth a mix of signal and noise Into 1.5 cpd. &rther

research would be eeded totest these predictionsn detail
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The combined effect of higbass filtering and contrast normalization in increasing the
performance of radiologists matches previous findings in both behavioural and neuroimaging
work on spatial frequency. Our nglss match the previous observation thiatw-pass filtering
strongly reduced gistf abnormality performancewhile high-pass filteringwvithout contrast
normalizationhad a much less pronounced eff€Bvans et al., 20163imikrly, in scenegist
performanceon HSF scenegas reduced without contrast normalization, bedntrast
normalization equalized performandetweenLSF and HSF scene imadafetto et al., 2020)
Our findings match this retention of overall performance with M8F contrast normalization

combined witha novelenhancement of globalbnormalitysignasin priors.

What is more, recent neuroimaging work shows that maogneselective areasespond
preferentially to HSF rather than L®¥tivity in theparahippocampal place area (PR¥gs higher
for HSRhan LSEheckerboards, scengand facegRajimehr et al., 2011 5imilarly, contrast
equalizedHSF scenes activated tR®A and the occipital place area (OPaje thanLSF
equivalentsalthoughthere was nadifferencein the retrosplenial cortex (RS@auffmann et al.,
2015) Going beyond simple lelseof activationcomputational models cadecode scene
categoriedrom BOLD signais the PPA, RSC, and lateral occipital complex @Q{&wing
photographs and line drawings (=H@Nglther et al., 2011)Similarly, scene category could be
decoded from HSF photographs viewed for 800 ms in the PPA, RSC, LOC,, aviuil©P3F
photographscould only be decoded in the posterior P@&rman et al., 2017)his increased
activation and decoding in response to HSF demonsttaémportant role ofl { @énhiours
and edges imapid scene categorprocessing. This fits with our behavioural findings of
importance for HSF for mammograrategory extractionThere might be a similaole for HSF in
both scene and medical abnormality gist extraction, again gfteening our belief that

mammogram perception closely resembles scene perception.

Ourfiltering protocolincluded a brightness increase and contrast normalizatidhis method

made the fine detail more visible in the filtered mammogramsminor disadvantge is thatthis

makes the datdess informative founderstandinghe role of high spatial frequencies in
conventionaimammogramsas boostd brightnessncreased the weight given to the high

frequency information However, these stimuli remain ecologigalhlid, as nanammogram is

Wdzy | f. kréyNdetRadologycreatesa 2D representation of 3D tissdensity, and thevisibility

of specific tissues depends on the specific maghéettings, image processinged(Cole et al.,

2005F YR S@Sy (KS LINdorpieasion faérof8erthr HodgINEBcFePurkBgy G A I f
Denton, 2013 2 KIF Q& Y2NB3X LINPINI Ya dzaSR FT2NJ OASGAy

change the contrast or brightness. Thus, a brightness increase would not make the mammogram
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enhanced detection rates, which was the main objective of this study

Future research could focus on more finmed enhancements by delving into the role of specific
spatial frequency bands using bandpass or bandstop filters, which comloiednd highpass
filters to selectively retaimwr filter out a small band of frequencies. This would allow for more
controlled adjustment of frequency content and could help identify the exact combination of
spatial frequencies that contain the gist dfreormality. This could for example be used to filter
out FO¢ F0.5 and FE1.5 to investigate whether this combination further enhances the gist

signal.

It might also be worth considering whether these, or similar image enhancements have the same
effects a different domains of medical imaging. Previous research has shown that a gist of
abnormality signal is also detectable in various other imaging modalities, such as digital breast
tomosynthesiqC. C. Wu et al., 201%hest radiograph@Carmody, Nodine, & Kundel, 1981;
Kundel & Nodine, 1975and even pp test images (micrographs) cervical cell§Evans,
GeorgianSmith, et al., 2013)t is possible that a similar higlassfilter would increase the

signals of abnormality in other medical images as well, especially for radiographs, but it is also
conceivable that different tissues are differentially affected by the development of a cancerous
abnormality and would require dégfent spatial frequency filtering to enhance their gist of
abnormality signals. By comparing effects on different imaging modalities future studies could
investigate the best image enhancements for each, which could in addition give insight into the

(dis)smilarities in gist signal content between modalities.

3.7.Conclusion

In conclusion, we have shown that certain hjggss filters (F0.5 and F1.5 cpd) combined with
brightness boosting and contrast normalization can retain overall performance while bgostin

the gist of abnormality signal in mammograms at future cancer risk. Especially the 0.5 ¢pd high
pass filter seemed promising in boosting the signal in priors, without reducing the signal in
mammaograms with obvious or subtle signs of cancer in mammognmmnsnaking the

radiologists more conservative in their decisions. Future research could investigate the effects of
image enhancements on additional medical imaging modalities, to explore whether these
findings hold true across imaging types. Additiondilyyre experiments should use bandpass or
bandstop filtering to selectively retain or remove spatial frequencies to further investigate the
role of specific spatial frequency bands in mammograms. The approach could be used to inform
about more subtle enhacements that could potentially further boost the gist signal allowing for

even earlier cancer detection. Overall, our findings provide initial evidence for a viable solution to
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enhance the gist of abnormality in mammograms to use as a risk factor itirtfeakctoolbox for

radiologists.
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3.10. Appendces

AppendixA: Factors influencing AUC performance measure

For AUC, the linear mixed model analysis showed evidence of significant contributions of
Category, Frequency, and an Interaction factor. flilenodel had an intercept of 0.760, and a
random effect of ID intercept of 0.002, and an AlIG580.77 An ANOVA comparing the log
likelihoods of the full model to the model without the category factor showed a significant
difference (%(2)=168.97 p=<.001), showing that category significantly adds to the model fit.
Similarly, the frequency factor contributes significantly compared to a model without this factor
(-%(4)=46.627 p=<.001). Lastly, the interaction factor was also signific&(®)=75.39,

p=<.001).

81


https://www.cancerresearchuk.org/
https://www.ukri.org/councils/epsrc/
https://osf.io/t8cdr/

Pair-wise comparisons were performddr the frequency (Fig 4A), as well as mammogram
category factorgFig5). Again, interaction effects were reviewed with a special focus on the F0.5
and F1.5 groups that showed no significant differencavierall AUC compared to FO. These
comparisons showed that AUC for prior mammograms was significantly higher for F0.5
(estimated difference=0.134, t(264)=5.844, p=<.001) and F1.5 (estimated difference=0.110,
t(270)=3.843, p=<.001) than the unfiltered FOupoMeanwhile, there was no significant
difference in AUC between FO and FO0.5 for obvious (estimated difference=0.036, t(264)=1.568,
p=.519) or subtle (estimated difference=0.024, t(264)=1.033, p=.840) mammograms. On the
other hand, for FO versus F1.5, teevas no difference in AUC for obvious mammograms
(estimated difference=0.055, t(270)=1.931, p=.303), but there was a reduction in AUC for subtle
mammograms at F1.5 (estimated difference=0.122, t(270)=4.292, p=<I0ke interactions

can also be obseed inFg5.

A)  Overall B) Obvious Subtle Prior
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Figure3.5. Boxplots of AUC across conditions. Each boxplot shows the median as the line within
the coloured box containing the 2&and 73" percentiles, with extending whiskers containing the

95% ClI, with any outliers plotted as dots. Significance of pairwise comparisons is indicated in the

82



figure with *=p<.05, *=p<.01,***=p<.001. (A) Boxplots showing AUC across frequency conditions
(0,0.5, 1, 1.5, and 2 cpd). Pairwise comparisons of fregustowed that AUC was significantly
higher for FO than F1 (estimated difference=0.089, t(273)=6.533, p=<.0001) and F2 (estimated
difference=0.098, t(284)=5.647, p=<.0001), but did not differ significantly from F0.5 (estimated
difference=0.025, t(273)=1.827, p=.360) and F1.5 (estimated difference=0.023, t1(284)=1.306,
p=.688). (B) Boxplots showing AUC for each mammogram category (obvious, subtle, and prior)
and frequency, to illustrate mammogram category and interaction effects. Pairwise comparisons
ofmamy2 AN} Y OF(GS32NBE &aK26SR (GKIFG 5Q 6Fa& arAdyrs.
difference=0.089, t(258)=7.058, p=<.0001) and prior mammograms (estimated difference=0.156,
t(258)=12.368, p=<.0001), and higher for subtle than prior mammograms (éstima
difference=0.068, t(258)=5.310, p=<.001).

3.11: Commentaryimage processing

The main aim of this study was to find ways to boost the gist of medical abnormality, which was
successfully achieved with the combination of image enhancements utiizedbscribed in the
materials & methods, thhigh pass filters in this study wef@llowed bya 3.5xbrightness
increaseand thencontrast normalisation with the unfiltered mammograni$ie brightness
increaseimprovedthe visibility of the high spatidfequencies as the higkpass filtered images

had low brightnessifter the highpass filters were appliedrhis drop in brightnessascaused by
removing the 0 Hz frequency thabnsists othe average brightness ahimage, as well as
removingthe brighiness contained in lower frequenciéihe latter is comparabl® natural

images in which the low frequencies also contain more contrast energy than the high ones

following an inverse power lagPerfdto et al., 2020)

The brightness increasactor was sufficient to brighten the images without reaching ceiling
levels across all mammogramigss than 0.25% of the pixels that were increased in brightness
were capped at a ceiling level of brightn€255) for the lowest filter level of FQ.®ith this
proportion decreasg further with increasing filter levelg\dditionally, the images were contrast
normalised with the unfiltered images afterwards, meaning that there were no differences in

overall cortrast energyof the stimuli used in the experiment
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Chapter 4Future studies using bandstop filters to selectively
removespecificfrequency bands likely will not need to use
brightness boostin@gs they would not remove 0 Hihese
bandstop filterscouldbe helpfu in further isolating the role of
specific frequencies in carrying or masking the gist of medical
abnormality.Using global feedback to induce learning of gist of

abnormality in mammograms

Chapter 4was publishedisRaat, E. M., KylBavidson, C., & Evans, K. K. (2028jng global
feedback to induce learning of gist of abnormality in mammogran@ognitive Research:
Principles and Implications, 8(1)}22. This version of the article has been accepted for
publicaton after peer review but is not the Version of Record and does not reflect post
acceptance improvementst also has edited headers and figure numbers to fit with the thesis
format. The Version of Record is available onlinelat:org/10.1186/s4123%22-004578
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4.2. Abstract

OEGNI QlGA2y 2F 3Jt20bt aiNHOGdzNF £ NBsahatlzZ | NAGASE LINE @)
environment as it does the gist of abnormality for medical experts reviewing medical images. We

investigated whether naive observers could learn this gist of medical abnormality. Fifteen

participants completed nine adaptive training sessions viewang ¢ategories of unilateral

mammograms: normal, obviotabnormal, subtleabnormal, and global signals of abnormality

(mammograms with no visible lesions but from breasts contralateral to or years prior to

development of cancer) and receiving only categalrfeedback. Performance was testedpre

training, posti N} AyAy 3 YR FGSNI 6551 Qa NBGSY(GA2Y 2y HAnN
gAUK2dzi FSSROIFO1® t SNF2NXI YOS YSIadaNBR &4 RQ 41 a )
highest performance for mammograms witisible lesions. Pogtaining, twelve observed

AK26SR AYONBIFaSR RQ T2NJ I tsdtofMheYabalaihrners Qsod ST 2 NRA Sa
AK26SR | LRaAAGAGBS O2NNBtFdA2y 2F RQ FONRaa GNIAYA)
abnormality in mammogms with only the global signals, but improvements were poorly

retained. A stateof-the-art breast cancer classifier detected mammograms with lesions but

struggled to detect cancer in mammograms with the global signal of abnormality. Gist of

abnormality @n be learned through perceptual/incidental learning in mammograms both with

and without visible lesions, subject to individual differences. Poor retention suggests perceptual

GdzyAy3a (2 3IAald ySSRa YIAYy(iSyl yOSa&pedmagt& NHAY 3 gA K
correlates with number of cases reviewed per year, not years of experidhechuman visual

system can tune itself to complex global signals not easily captured by current Deep Neural

Networks.

Key words gist of abnormality, gist extractip medical image perception, medical expertise,

medical imaging, perceptual learning, implicit learning, statistical learning, deep neural network
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4.3. Significance statement

Breast screening plays a vital role in early diagnosis of breast cancers,jswssiential for
improving patient outcomes. Correct interpretation of mammograms relies on both medical
knowledge and perceptual expertise. Perceptual expertise is thought to increase effectiveness of

gist extraction: the ability to recognise global pespies of an image after brief exposure. Indeed,

v A 4 oA = 4
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milliseconds with above chance accuracy, even when no visible lesions are present, for example
in breasts contraliral to breast with cancer, or breasts that will develop cancer in the nearby
future (Evans et al, 2016, 2019). This suggests that the gist of abnormality could be of clinical use
as a risk factor. However, gist extraction performance varies betweenlogiits, correlating

with number of mammograms screened within a year, suggesting an important role of

perceptual exposure. How human observers develop the ability to extract the gist of a new
categories is unknown. Understanding the development of percapgxpertise for gist

extraction could be leveraged to enhance training of radiology residents and could be used to
train perceptual experts for the purpose triage or evaluating risk assessifiemtcurrent work
provides a proobf-concept training paradim that was able to induce the learning of the gist of
abnormality in naive observers without any medical training, using perceptual exposure and
global feedback. Our findings support the idea that gist extraction abilities can develop separately

from medcal knowledge and can be developed through simple, perceptual training paradigms.

4.4, Introduction

Medical experts often report having a gut feeling about the state of a radiograph when
briefly looking at certain medical imaging cases, where they gentpesssion that something
might be wrong but are not able to pinpoint the exact image elements that made them feel that
way. These anecdotes suggest medical experts might rapidly access first impressions of
abnormality. However, there is more than justelotal evidence for this notion: it is also
supported by human observer studies, which have shown that radiologists are able to
discriminate between normal and abnormal medical images with atlotnagce accuracy within
200500 ms for chest radiograpligundel & Nodine, 1975pathology images, or mammograms
(Evans, GeorgiaBmith, et al., 2013}he latter ofwhich will be the focus of the current study.
Thus, medical experts indeed possess the perceptual ability to rapidly extract a signal that

indicates abnormality from images in their field of expertise.

This shows an incredible perceptive power, which is furthered by research demonstrating that
the ability does not rely on the presence of a localizable signal like a lesion. Indeed, radiologists
can recognise this gist of abnormality in patches of the almad mammogram that do not

contain a lesion, or even from the breast contralateral to the abnorméitsans et al., 2016)
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both of which do not contain any localizable abnormalities. Even more striking, when normal
mammogramsrbm women who went on to develop cancer in the next two to three years were
intermixed with normal and abnormal mammograms, they were rated as significantly more
abnormal than the normal imagg€Patrick C. Brennan et al., 2018; Evans et al., 2010js, the

gist of abnormality signal can be detected without localizable abnormalities. For mammograms
containing a single mass, it has been suggested that radiologists can sometimes access coarse
location information(Carrigan et al., 2018although this study did remove image artefacts and
large calcifications from the breast tissue. Together, these fingiog# to a rapidly extracted

global signal of image statistics that allows medical experts to detect whether the imaged tissue
is normal or abnormal, which might provide access to coarse location information, but does not
require local information to furtéon. This description fits closely with the process of gist

extraction that has been widely described in scene processing literature.

Gist extraction is a perceptual process that allows observers to quickly retrieve the global
meaning, or gist, of visualput. After as little as 280 ms, humans can accurately discriminate
between mammade and natural environments, ®@lled superordinate categori¢3oubert et al.,
2009) recognize forests, fields, rivers, and other basic scene cated@iegne & Oliva, 2009)
or determine the presence or absence of broad categories such as arfiBaatsaMaceé et al.,
2005)or vehicleqVanRullen &horpe, 2001)Indeed, there is a wide range of research showing
that humans can extract surprisingly complex information from rapidly presented visual

information, which fits closely with the observations in rapid medical image perception.

The key chiacteristics of gist extraction are that it occurs rapidly, globally (across the whole
image) with loss of specific local information and does not require focused attention. Instead, it
occurs without prior location of items and in a nealective manner-or example, gist can be
extracted from scenes in the periphery in parallel with a demanding foveal letter discrimination
task(F. F. Li et al., 2008} from two, or even four scenes in parallel with minimal drops in
performance(Rousselett al., 2004)pr scenes presented in medium to far periphéBpucart et

al., 2013; Larson & Loschky, 2009¢arlyshowcasing the global and naelective nature of the
process. In addition, gist extraction does not require prior configuration of the visual system: it
occurs when monitoring for multiple cue categories simultaneo(iSlans, Horowitz, et al.,

2011) or even when the target category is pasted after a rapid serial visual presentation
(Evans, Horowitz, et al., 2011, Potter et al.,20However, it also means that information about
locations of specific elements that make up the scene is not consciously accéSgiie &
Treisman, 2005)0verall, scene gist extraction clearly occurs rapidly, globally, and without the
need of focused attention or prselection, which fits closely with the observations of what we

will refer to as thegist of (medical) abnormality.
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But which signals are extracted by this global, rapid process to contribute to the formation of our

gist understanding? As every image is built up from spatial frequencies at various orientations,
shared categoral regularities between a gist category might be captured in similarities in spatial
structural regularities, as described Byrtilla and Simoncelli (200Ra adlF GA &G A O0a d ¢ K
define are extracted using spatial filters of specific sizes and orientations and are applied to noise
G2 ONBFGS Iy FNIAFAOALFE WYSHIFYSNR:E (KFG O2yil
recognizable object$Such a metamer is indistinguishable from the original in two alternative

forced choice task (AFC) at 200 ms viewing tinfereeman & Simoncelli, 201 Buggesting that

spatial structural regularities capture essential @sis of scenes that are accessed during gist
extraction. The idea of a statistical signature of an image fits with the Efficient Coding Hypothesis
(Simoncelli, 2003)s reducing an image to its spatial structuegularities would allow efficient
encoding of its essential information. Mammogram content is even more closely related to its

spatial frequency content than scene images, due to most of the content being textural. For
example, previous research has shatlvat low-pass filtering strongly reduced gist extraction,

while highpass filtered mammograms retained most gist informatjgawans et al., 2016fpatial

structural regularities might be more similar between images from theeseategory and thus

allow for flexible perceptual rules for gist categorization.

Oliva and Torralba (200i)rther explaired these spatial structural regularities with a focus on

human perception through gist descriptors, which similarly captured spatial frequency patterns

on a global spatial scale, the global spatial envelope. Gist descriptors can be represented as
scores orscales such as expansiveness and openness. Patterns in these feature scores have been
shown to be more similar within than between scene categories. Additionally, false alarms made
by observers could often be predicted by similarities in gist predi¢®reene & Oliva, 2009)

This supports the idea that shared patterns of frequencies and textures could play arantp

role in the flexible, yet reliable gist categorization of scenes, which could reasonably be extended

to mammograms.

To allow for its norselective and global nature, gist extraction must be highly flexible, especially
as it must generalize acrossvéde range of exemplars that all fall under one gist category. For
example, we can recognise the gist category of a scene environment in a variety of conditions,
such as viewing angles, lighting, and specific objects (figure 1A, 1B), and the same @pplies t
mammaograms, as these can also vary widely in their appearance, size, shape, density, and
texture (Fig. 1C, 1D). However, previous experience influences our ability to extract gist
accurately, as human observers performed considerably worse on scemigasition for
photographs from aerial compared to terrestrial viewpoi(itestiky, Ringer, Ellis, & Hansen,

2015) Thus, our brain might develop a set of general perceptual rules of expected spatial
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regularities for each gist category, based on previous experience, that are flexible enough to

generalize across variations, but sffic enough to allow it to distinguish a beach from a river, or

a normal from an abnormal mammogram.

Figure4.1: Scene exemplars for beaches (A) and playgrounds (B) that illustrate the variation in
viewing angle, lightning, configuration, and specific objects. Mammogram exemplars containing
subtle abnormalities (C) or no abnormalities (D) illustrating the variation in shape, size, and

textural patterns.

However, it is not yet known how people acquire thesgs of expectations or sensitivity
to emergent statistics needed to extract the gist of novel categories, whether that is a natural

scene category, or a more abstract categorisation of a medical image. Since the learning of
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natural scene categories happeduring normal development, this learning must be able to

occur under natural viewing conditions and should not rely on detailed feedback that explicitly
explains which features make the scene a beach. Rather, the learning would be expected to
reliably @ OdzNJ 6 AGK ONRIFR FSSRol O] O2yaradtiay3a 2F 2ad
0SHOKQU® ¢KAA fSIFENYyAYy3 ¢g2dz R 6S Ay fAYyS GAGK
through which humans can extract naturally occurring statistical patterspae and/or time

(TurkBrowne et al., 2005)

Indeed, statistical learning leads observers to recognise temporal tinkpttistical regularities

and patterns in auditory or visual stimuli after a multitude of exposures without explicit
instructions on what to leariTurkBrowne, 2012)For example, passively viewing a stream of
symbols produced strong familiarity feeling for viewed pattdiffiser & Aslin, 2002a)

Interestingly, children as young asybnths old pay more attention to aays containing

previously seen shape arrangements than new arrangemg@iser & Aslin, 2002pbjuggesting

that statistical learningakes place from early on in our development. While the previous
examples used simple shapes, statistical learning also extends to more complex stimuli, such as
scene images. Observers report more familiarity to scene sequences, such as a kitchen followed
by a forest, that were previously seen in a visual stream (300 ms each) without being instructed

to pay attention to the order of scene categori@rady & Oliva, 2007)

Statistical learning is oftenwestigated in the context of temporally separated stimuli, but like
previously stated, it also occurs over spatial regularities, which would form the basis for gist
category learning. Indeed, observers become familiar with the configurations of compétbj
in a grid through repeated exposufEiser & Aslin, 200,Lland they can decrease their reaction
time in a search task due to repeated configurations of distractor arrays without recognition of
repeated arrays occurrin@Chun & Jiand,998) as they implicitly learn to recognise the
regularities in contextual cues, or in other words, invariant visual properties, allowing them to
interact with the environment more efficientiChun, 2000)Similarly, someone might learn to
recognse the invariant global properties of a forest, beach, or even an abnormal mammogram
through statistical learning of spatial regularities. Statistical learning with global feedback allowed
observers to recognise camouflaged objects by learning the gestatedtics of the background

(X. Chen & Hegdé, 2012)us, in our definition of statistical, implicit learning, no assumptions
are made about the unconscious nature of the learning or complete lack of aessef learned
patterns, but only that it consists of learning through repeated exposure without explicit
instructions or feedback on which features or patterns to extract. We expect that statistical
learning through repeated perceptual exposure to nasagiegories and their group labels would

allow observers to acquire the gist of a new category.
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To investigate the learning of gist signals, a category is needed in which observers can be trained

to improve. Previous training research has shown that theedp gist extraction from natural

scenes is already optimized and at ceiling levels, as extensive training across 15 days did not

significantly speed up reaction time of &AFC animal absent/present ta@kabreThorpe,

Delorme, Marlot, & Thorpe, 2001yVhile accuracy increased slighdlyd average reaction time

decreased slightly for familiarized stimuli, this did not transfer to new stimuli, and was mostly

driven by an increase in speed/accuracy for the most difficult familiarized targets with RTs above

400 ms. Thus, the processes urlgliarg gist extraction for scenes of categories are already highly

efficient in adults, and do not seem to be able to be further compressed or enhanced. Thus,

scenes cannot be used to investigate the processes involved in the learning of a new category of

gist. However, it does underline the fact that scene categories must be deeply familiar to the

average human observer, which would only be possible if the global gist is learned through the

NI NB AyaidlyOdSa 2F SELX AOAG &F SS RS 1O K kOTHRINGSEA(ISK  YS2EdzyQiil
as we hypothesize, is largely learned through the frequent global feedback moments we

SyO2dzyiSNI Ay RIFEIAf& tAFS owWéz2dz FNB Ay | F2NBadiQoo 1
category, such as cars, will increake ability to rapidly detect scenes containing that object

category, but not others (e.g. humans), in a simultaneous presentation of two s(lReeder,

Stein, & Peelen, 2016adding support to the idea that expertise in a category might influence

rapid detection of that category, similar to what is seen in medical experts.

For the gist of medical abnormality, previous rasd has repeatedly shown that, as expected,
naive observers are unable to extract this sigiatans, GeorgiaBmith, et al., 2013; Raat et al.,
2021) showing that the general population is not familiar with this gist signal representing a
medical abnormality. Interesigly, however, a recent study trained naive observers to recognise
obviously visibly abnormal mammograms (microcalcifications/breast mass) with @hewnee
accuracy after approximately 600 cases of trair{idggdé, 202Q)showing that normedically

trained observers can develop the perceptual ability to recognise obvious abnormalities en free
viewing tasks. This indicates that naivesetvers can at the very least learn to recognise
perceptual characteristics of lesions in mammograms a localized signal, which suggests they

might also be able to be trained to recognize the gist signals of abnormality in the overall tissue.
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categorisation of a new gist signal (medical abnormality), and to explore which perceptual

features in mammograms might drive this gist signal. We will evaluate whether naive observers

can learn to rapidly recognise the gist of a new category after repeated perceptual exposure

through training with global feedback, and if this learning is retained after the end of training.

Global feedback is defined as the ground truth of the trialhaiitt additional instructions on
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location of abnormalities or potential features that might indicate the ground truth. In other
words, the task and label are both made explicit, but since no further guidance on which content
to use is provided, only impliéstatistical learning can be used. Since gist of abnormality is a
global signal, learning to recognise the gist of abnormality should improve performance on not
only mammograms with visible abnormalities, but also on mammograms with only global signals
of abnormality, such as contralateral mammograms or those taken prior to the development of
localizable cancer, similar to the ability of trained medical exp@#trick C. Brennan et al., 2018;
Evans et al., 2019; Evans et al., 20B&sed on the framework of gist development, and the
previous findings oflegdé (202Q)training is expected to induce learning of the gist of medical
abnormality, and this is expected to improve perfance for mammograms with and without

local abnormalities.

As an extension to the training findings, we will also evaluate the performance of ao$iiie-

art machine learning model on the same images and compare it to human perception. Human
statistical implicit learning shares key similarities with the concept of deep learning, a
computational method where each decision is compared to feedback of a simple label, inducing
learning through backpropagation of the error between the decision and grouni, twhich can

lead to tuning towards statistical regularities in the ingubulodimos, Doulamis, Doulamis, &
Protopapadakis, 2018Both describe conceptually similar processes that could underlie learning
without explicit rules or instructions. As one type of computational modelling, deep learning, was
developed based on obsved brain architecture and processif\pulodimos et al., 2018Peep
learning models can capture comgleisual patterns, allowing for obje@uyang et al., 2016;

Simonyan & Zisserman, 201a)d facial recognitioiTaigman, Yang, Ranzato, & Wolf, 2014)

By comparing human and machine performance on specific images, we can learn more about
whether these models capture the same image features that humans might beqsinigh in

turn can be informative for human perception. The single breast classifier (SBC) vensiowof

et al. (20194eep neural network (DNN) for breast cancer screepirglicts probability of both
benign and malignant abnormalities for individual unilateral mammograms, and reaches a high
performance (AUC malignant: 0-8490, AUC benign: 0.73176) on detecting visible

abnormalities in a large screening dataset, whictkené suitable for our purposes. We will use
both the SBC and SBC heatmap (SBC+HM) version, which adds heatmaps generated via a
secondary network which examines smaller pixel patches for their malignancy probability. These
heatmaps provide additional sciiny of local information that is expected to improve
performance, while the SBC without heatmaps would be more equivalent to the global

information used in gist extraction. Comparing the probability scores from both the SBC and
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SBC+HM network to human nagj scores will allow us to investigate whether they capture similar

information used by human gist extraction of medical abnormality.

4.5. Methods

Participants

19 adults without previous medical training or experience with viewing mammograms took part
in this multisession experiment, of which 4 withdrew their participation during the training
phase. The remaining 15 participants were included in the final dataset (age8l, 20erage age

23, 11 female) as they all passed the-pgetermined exclusion critga. Exclusion criteria were
pre-defined in order to exclude participants if there was significant evidence to suggest
inattention, defined as 1) having missed more than 30 out of 144 attention trials in total across
the 9 training sessions, 2) havingéddilmore than 6 out of 16 attention trials in one training
session, or 3) having rated 85% or more of the trials as 50 in any testing session or more than 1
training session. Attention trials which were randomly interspersed across different points in the
training sessions, briefly showed an image of a beach or forest, which the participant was asked

to categorize, a task that should be trivial if the screen was attended.

Participants received a compensation of 50 pounds for their time (~5 pound per htar) af
completing all 10 sessions and they receive a bonus payment of 10 pounds if they passed 95% or
more of the attention checks, as an incentive for them to pay close attention to each trial.
Participants all had normal or correctéa-normal vision. All @rticipants had completed at least

their Alevels or equivalent. The sample size was based on the wddedgté (202Q)which

reported significant learning during an untimed mammography training experiment with 11 and

14 general population participants in two separate experiments.

Stimuli and apparatus

The stimuli used in this experiment weréoB PNG images of four categes of anonymized

unilateral mammograms in mediolateral oblique (MLO) or craniocaudal (CC) view: normal

mammograms of healthy women (normal), mammograms with obvious cancerous abnormalities

(obvious), mammograms with subtle cancerous abnormalities such as architectuoatioist

(subtle),mammograms without visibly actionable lesions that are thought to contain global

features of abnormality (either contralateral to a breast with a cancerous abnormality

(contralateral), omammograms takenne to six years prior to visib&etionable sign of

FOoYy2NNIfAGE | LIISFNARY3I Ay | adrd A8 ®SYTRADE ¢z0 0 LISR 2 BE
categorised as such by an experienced radiologist for the Complex Cognitive Processing

Laboratory of the University of York. Further informatimbout cancer type descriptors can be

found in Appendix A. Contralateral and prior cases were combined into one category, as both
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contain global signals of abnormality and lack any localizable lesions. The normal, obvious, subtle,
and contralateral casesere sourced from the OPTIMAM database. The priors were sourced

from the Complex Cognitive Processing Lab database in collaboration with Dr. Bradley of the York
Hospital for this studyThe majority of selected mammograms were acquired with Lorad Selenia
(75.4%) and Selenia Dimensions (13.5%), with a smaller portion of mammograms acquired with
Senographe Essential (8.p&nd the L30 (1.8%), and a minority taken by MammoDiagnost DR
(0.3%) andMammomat Novation DR (0.3%All mammograms that are part of theo@plex

Cognitive Processing lab database of stimuli can be shared with other researchers upon
reasonable request to the senior author (K.K. Evans), while the OPTIMAM database is also
available for research purposes through an application process

(https://medphys.royalsurrey.nhs.uk/omidb/gettingccess/).

The training set was composed of 5668 unilateral mammograms, consisting of 1558 normal, 1019
obvious, 899 subtle, and 2192 global (1868 contralateral, 324 prior) images, so approximately
72% of the available stimuli contained the gist of abnormality. This large dataset ensured that
participants were trained on a wide range of mammograms and reduceduiber of

repetitions. Some repetitions occurred randomly across the 36 blocks, but never within a block:
on average, normal mammograms were repeated 0.9 times, obvious, subtle, and contralateral

mammograms were repeated <0.1 times, priors were repeatémh@s.

The testing set consisted of 200 unilateral mammograms: 80 normal, 30 obvious, 30 subtle, 30
contralateral, and 30 prior mammograms, meaning 60% of the stimuli contained gist of

abnormality signals. The same images were used for each test sasgiqunate the difficulty

level across participants and testing phases, and these were not used during training phases.

t NEOA2dza NBASI NOK Kl & aK2gy @OSNE 26 NBO23IYA
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mammograms viewed for 3 seconds edElans, Cohen, et al., 2018jnce we use a larger

number of mammograms shown for shorter durations and with longer iatgrosure intervals

no significant memory effects were expected, especkiitige no feedback was given on the test

cases.

To further characterize the test cases, an experienced mammogram reading radiologist assessed
each mammogram on radiological perceptual features. The following radiological features were
rated: 1) fourpoint BIRAD breast density scale5 Qh NE A = . | & &asIyifatty, ) mixed S A I =
but predominantly fatty, 111) mixed but predominantly glandular, and 1V) extremely dense), 2)

breast pattern as normal or compleand 3) level of concern/suspicion on a fpeint scale from

1) normal, 11) benign, Ill) indeterminate, 1V) suspicious, V) malignarsgGaie tests of

independence showed no significant association between density and imageufp2)£9.63,
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p=.648).Associations between image type and both breast patte?(¥)=11.50p=.021) and

level of concernu?(16)=138.09%<.001) underline that an experienced radiologist could detect
radiological perceptual differences in our cases, but that these signals were not driven by density.
Thus, simply becoming sensitive to the density of mammograms would not result in significant
increases in performance. This is in line with previous studies, that also showed a lack of
correlation between BIRAD density and gist of abnormality ra{jggans, Birdwell, et al., 2013;

Evans et al., 2019; EvangdggianSmith, et al., 2013; Evans et al., 2016)

The experiment took place on a computer or laptop screen, with the participant using a mouse
and keyboard to submit rating responses. Since the experiment took place online, the exact
apparatus varied &tween participants. However, physical stimulus size was equated by using a
screen calibration method using either diagonal screen length or a eraditsize matching task
inspired by the method proposed I6Y. Li et al. (202ap ensure the images were displayed as
12.8 cm/5 inches high by 15.75 cm/6.2 inches wide acrosessians and participants. The
experiment was accessed via a website optimized for Firefox and Chrome browsers, where
participants could log in for each session according to the scheduling rules, using their unique

user ID.

Procedure

This study used a midsession withirsubject repeated measures design. It consisted of a total of

9 training phases and three testing phases completed across 10 sessions spread out over multiple
days, as is summarized in the flowchart of Figure 2. Before the first sesstbrpa&aicipant

joined an individual video conferencing call via Zoom with the experimenter to guide them

through the instructions and check for any questions or technical difficulties. During this
conference call, the participants also watched a-preorded instruction video, explaining what a
mammogram is and what the experiment task is, to ensure all participants received identical
instructions. The first session started with a {draining test phase to establish baseline of
performance. After the praraining baseline, participants immediately performed the first

training phase, which was followed by 7 subsequent sessions consisting of training phase each,
separated by at least 1 and at most 3 days each. Ttee8sion consisted of the last training

phase and a subsequent pestining test phase to measure potential improvements in
performance. The tenth and last session took place 7 to 10 days after the last training session and
consisted of a retention test of performance. Participants scheduled tven sessions according

to these scheduling rules but received regular reminder emails to inform them when their next
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session was due.

Fixation
500 ms

Baseline test phase (200)
Training phase (4x 180)

Session 1.
y Mammogram v
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Training phase (4x 180)

Training phase (4x 180)
Post-training test phase (200)

Session 9

¥

Feedback RN 4

Spacebar Retention test phase (200)
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Figure4.2: Overview of the experimental procedure and flclwart scheule of the experiment.

The screens show the presentation order within a training trial and the duration or button press

to continue. Test trials always showed mammograms for 500 ms and omitted the feedback screen
but were otherwise identical. The fleshat schedule shows the order of experimental phases for
each session, and the number of unilateral mammograms viewed per session. In the test phases,
200 mammograms were viewed, while the training phases had 4 blocks with 180 mammograms
each. Session 1 tovgere separated by 1 to 3 days each, while session 10 was delayed by 7 to 10

days after session 9.

Both test and training trials followed a similar format (Fig. 2). They each consisted of a fixation
cross (500 ms), the mammogram (500 ms or-8600 ms), anask of the filled shape of the
mammogram (500 ms), followed by a rating scale between 0 and 10péswifl). Participants
were asked to give their decision by adjusting a curser on a rating scale that would indicate how
sure they were that a unilateral ammogram was normal of abnormal. This rating was then used
as a performance measure applying signal detection theory methodology. In the training trials,
this was followed by a feedback screen (gelted). Feedback was based on the rating decision
and graund truth, e.g., if the ground truth was abnormal, ratings above 50 were counted as
correct, and ratings of 50 or below were counted as incorrect. The feedback screen informed
participants whether their submitted rating was correct or incorrect, and whethe ground

truth for the trial was normal or abnormal. The colour of the text was green for correct and red

for incorrect ratings. Participants received no feedback during the test phases.

Each test phase consisted of 203 trials: 3 practice trialsfegtiback to familiarize them with
the task, then 200 test trials showing the ggelected test set in a randomized order. The test set

consisted of 80 normal mammograms, and 30 each of the four abnormal categories (see stimuli
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and apparatus for more detail. Each mammogram was shown for 500 ms before the mask and

then rating screen appeared.

Each training phase consisted of a tota¥V86 trials, split intat blocks of 184 trials each: 180
mammograms, and 4 attention trials dispersed throughout each quaft¢he block. The 180
mammograms were randomly selected from the training set to show 72 normal mammograms,
27 obvious, 27 subtle, and 54 global abnormal mammograms. More global abnormal
mammograms were shown because these are thought to be both the diffisult, and the

most likely to contain the global gist signal, on which we would expect increased performance if
indeed a gist signal was learned. The attention trials showed easily recognisable colour
photographs of either a forest or a beach, and laadalternative rating instruction to rate

beaches as 0 and forests as 100. These trials also showed feedback based on the response,
however, if the answer was incorrect, the feedback screen was shown for at least 10 seconds
before they could continue, anithe attention trial was repeated until they answered correctly.

Participants were encouraged to take sp#ced breaks in between each block.

During the training session, the maximum viewing time for the mammogram started at 2500 ms

in the first block tafamiliarize the participants with the procedure and task. Participants were
encouraged to press the spacebar as soon as they had a first impression to continue to the mask,
then rating screen (minimum viewing time 500 ms). However, this was not requitddhe
mammogram would automatically be replaced by the mask at the maximum viewing time. In
4dz0aSljdzSyid o0t2014= YIFIEAYdzY GASeAYyI GAYS 61 & I RILIGS
prime for the block was above 0.2, max viewing time was decreased t@Plfd average actual
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current maximum viewing time to a maximum of 2500 ms.

Data analysis
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characterizes response bias, with a criterion of 0 being unbiased, a negative criterion is liberal,
meaning that any random trial the participant is more likely to label it as abnormal than normal,
and theopposite is true for a positive criterion, which is conservative, leaning towards rating

trials as normal.

First, proportions of hits and false alarms were calculated from the rating and ground truth
(normal or abnormal) of the trials for each mammograntegary. The numerical rating for a trial
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zero represents chance performance, with positive values representing alt@rece accuracy.

Criterion on the other hand adds thetransformed hit and false alarms rates and dividegithe

by -2 (c= (z(hits) + z(false alarms3)/ As the task explicitly instructed participants to rate normal

trials below 50 and abnormal trials above 50, and to rate more extreme values the more
O2yTARSY U (GKS& 6SNBI RQ | ypima dikconts MBaguyes df i (1 K NZ

performance.

To further characterize the shape of the rating curves at different points of the experiment, area
under the curve (AUC) measurements of Receiver operating characteristic curves (ROC) were
used. ROCs were constradtby repeating the division of trials into proportions of hits and false
alarms using a sliding value of normal/abnormal rating threshold®®9jland plotting all data

points, from which the AUC was then calculated in Python. AUC ranges from 0 to 1, and
represents the probability that a randomly chosen abnormal trial will be rated higher than a
randomly chosen normal trigHanley & McNeil, 1982)vith chance performance in a raw rating

expaiment yielding an AUC of 0.5 and higher AUCs representing more accurate performance.

The average and median viewing time of different screens were also calculated for the
mammaogram screen (training phases only), rating screen, and feedback screendtpdinses
only) for each of the sessions. Oultlier rating times (outside of mean plus/minus 3 STD of the

individual session) were excluded.

The main research question of whether naive observers can learn a new category of gist through
perceptual training \as evaluated using-By-3 two-way repeated measures ANOVAs with 2

factors: testing moment (3 levels, ptest, posttest, and retention test), and image type (3

t SOStas 200A2dzas &adzodt Sz Ft 20Kt 0 F2N R@ LINA Y
engaged with the task, attention checks and feedback viewing time were evaluated with

descriptive statistics. Additionally, to investigate potential differences in rating speed, which

might signify elements of decisianaking speed, before and afteraining, a 4by-3 two-way

repeated measures ANOVA was performed on rating time across the testing sessions (pre, post,
retention) and image types (normal, obvious, subtle, global). For any repeated measures ANOVA
with a significant effect of testing momennilanned simple contrasts were performed comparing
between the pretest and posttest, and the pretest and retention test, as this was the primary
NBaSINOK AyGSNBated tSENE2YQa O2NNBf Il GAzya oS
evaluate whéher individual performance improved throughout the training period. Based on the

correlation coefficient, participants could be divided into learners (above 0 coefficient) and non
99



learners (below 0 coefficient), which were investigated with the main aigxplore the main
effect of testing phase on performance. This method was also used on a bootstrapped simulation
of a population making random rating decisions, to ensure that any learner vieaorer effects

were not caused by chance.

As an additionaineans of assessing whether participants outperformed chance, alternative Log
LinearLikelihood ROCs and AUCs were calculated and compared to chance levels. This was based
on methodology suggested emizer, Michel, Evans, & Wolfe, 20tBhandle potential

bimodal distributions that can result from raw rating experiments more accurately. ROC curves
were smoothed with a Gaussian kernel, width 10, after whaghlikelihood ratios were

calculated to compute the area under the curve (AUC). ROC curves and thearAld@lsulated

for the real data and 100 randomly bootstrapped samples (with resampling). If the AUC of the

real ROC was higher than the"9gercentile of the randomly bootstrapped AUCS, this strongly

suggestghat the participant outperformed chance.

Lastly, as exploratory analysis, we compared the ratings by human observers to the probability
scores of benign/malignant findings from a deegural network (DNN). Single unilateral

mammograms were evaluated using the single breast classifier (SBC) and SBC plus heatmap
(SBC+HM) version bif. Wu et al. (209) DNN for breast cancer screening-tié PNG versions of

each unilateral mammograms were ppeocessed to remove annotations and then run through

the SBC and the SBC+HM. DNN inference was accomplished on Cloud Viking, a University of York
HPC clusterThe compute nodes used were equipped with a NVIDIA V100 GPU. Stimuli supplied

to the SBC had higher pixel dimensions than those shown to human observers, and a greater bit
depth, due to the requirements of the SBC. The output consisted of predictioasstmrbenign

and malignant findings for each mammogram, ranging from 0 to 1, which were transformed to 0

to 100 scale to match the human rating scale. AUCs were calculated for the SBC and SBC+HM to
evaluate overall performance. Imadgvel and categorevel comparisons between human and

{./7 a02NBa 6SNB YIRS dzaAy3a {LISINXIyQa NIyl O2NNBf I
These correlations were compared before and after training, to see if training increased the level

of agreement between humaand machine scores.

4.6.Results and Discussion

Human observer performance in training to detect cancer
Attention and task engagement

Participants were highly attentive during the training phases, as indicated by the very low
number of incorrectly answerealttention check trials (median: 0, mean: 0.93, std: 1.24, max: 4)

across the 144 total checks in the 9 training phases. Additionally, participants actively used the
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spacebar to continue to the rating screen, meaning both their average and maximum viewing
time rapidly decreased from 2500 ms, with all participants showing below 600 ms average
maximum viewing time during the fourth training phase (see appendix B for more details on

engagement and viewing times).

Effect of training on performance measures

FigNB o d4K2¢6a (KS YSIy RQX ONXR ir&ifiah, postrdingidy ! ' /7
FYR Fd NBGSYyGA2yd | SNFY ISR 20SNI AYIF3AS GeLlSaxs
LI NOAOALI yiax 6AGK  YSIFY RQ 2 Frammramdnpndnpy |

0.255+0.086 at retention. Compared to giraining, rating criterion became more liberal after
training in 14 participants, and remained more liberal at retention in 13, with a mean criterion of
-0.0377%0.073 prior t0{0.356+0.112 after traiimg, and-0.284+0.114 at retention. Meanwhile,

AUC was higher than pteaining in 9 out of 15 after training, and in 6 out of 15 at retention,

with a mean of 0.582+0.016 prior to, 0.589+0.016 after training, and 0.568+0.018 at retention.
Similarly, Log inearLikelihood AUCs were compared to bootstrapped chance levels, which
showed a sizeable increase in participants performing above chance levels after training (see
Appendix C). Additionally, analysis of average and median rating times showed thappat$ici

took significantly less time to make rating decisions after completing their training (see Appendix
D).
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3x3 repeated measures ANOVAs with the factors testing phase (pre, post, retention) and image

type (obvious, subtle, global) were usedt Ay @SadA3aF S GKSAUSBTSOG 2F (NI AY
ONRGSNA2Yy® C2NJ RQYX (KAa aK26SR SOARSYOS 2F |y AYl S
' B3.347 with Greenhous&eisser correction), while the testing phase effect was trending

towardsda A Ay A FA OF yOS 6 C 62n.56¥) wnd therebyasimo SignifidanPevidence for LJ

'y AYGSNI OGA2Yy STTFS &N Thé mage type Bffecbwap @isb obkdfvetH y y = ' LJ
F2NI!'!/ OCOMPH PH I M Y=H45y, whilelthene was neigrificahdevdlancedct a ' LJ
GSadAy3d LKIaS 6 CEHXngrinferaction effect (FUB6IED.00%) p=.106].J

" OMHPpUOUD | 26SGSNE ! !/ gl a aSSy Fa tSaa AYyFT2NNIGAQD
were explicitly instructed to raterials below 50 for normal and above 50 for abnormal decisions,

meaning the cubff was fixed. Overall, there was no significant evidence of improvements as a

result of training, but the trending-@+ f dzS F¥2NJ RQ adzZ3aSada d#Kha YAIKAI o

'daly

in learning ability in the testing group, which will be further explored in the following section on

performance throughout training.

On the other hand, for criterion, the 3x3 RMNOVA showed a significant effect of image type
(F(1.433,20.066)=7.451LJ" ® n /f=03&7 with.GreenhousEeisser correction) and of testing

LIKIFaS 6ComM®PopHIMy EgsHwitt GreenhpusSeiEser lclirrdriion) vobit nd  LJ

SOARSYOS F2NJ Iy AyidSNI OGA2004). H¥eralf Giterioodiffech Spc O I mdnp p 3
significantly between baseline and both pdsdining (Estimate:0.319, t(28)=4.571, p<.001) and

retention (Estimate:0.247, t(28)=3.542, p=.001). In summary, perceptual training made

participants more likely to rate any given trial as abnormals €bild indicate that participants

tended to put more weight on negative feedback when they missed a cancerous case than when

they incorrectly labelled a normal case as abnormal, causing a shift towards liberal rating bias.

Importantly however, participarstwere not instructed to preferentially avoid one type of error

over the other.

Performance throughout training

¢2 AYy@OSadAILGS LISNF2NXIyOS AYLINROSYSyiGia ONR&aa (NI
6SNB O OdA F G SR 050 6 S Sahingpbase, QuNBeted 1 thodgh Figuted LIS A | v R
4). Correlation coefficient varied considerably across participants, with an average of
nomngppndHopd® b2dlofes | LRAAGADGS O2NNBtlGA2Y ol a 1
participants (average 0.418+02)7 and a negative correlation of the remaining 6 (average

0.35740.245). This indicated that in the training groups there might be learners angaroers

when dividing participants based on their ability to improve their performance on this specific

perceptual learning task.
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hues in the left plot and the ndearners in orange hues in the right plot.
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learners and no#earners, to see if the learning during the training phases translated to
AYLINRPGSR LISNF2NXIYyOS 2y (GKS (Sad édedbylothd C2 NJ
AYEF3S (8L 6 CoH I =0.620)andteingpaie (F(X16)74597 yp=.026]
(lndocp0SE gAGK2dzG Ay dSNF Ol x@027).PErR& Cdnpadisdrisn 3 o H
for the testing phase effect with a simple contrast shovibat posti NI A YAy 3 RQ g & 2
higher than pretraining levels (difference: .209, t(16)=2.971, p=.009), while this was not the case
at retention (difference: .068, t(16)=0.962, p=.350) (see figure 5). On the other hand, for non
f S| NJ S NdtSigniicntlgdffécted by image type (F(1.091, 5.455)=3.409, p=0.118,
Blndnnp0 2NJ G§SadAy3 LIKFQ364), butdidistiow eviddneedomann = LM
AYGSNY OldAaz2y STTSOG %=0.060)nPbshot bomparisons forthis ietalftionn m v X
effect with Holm correction showed that this was driven by significant differences between
obviousandsubtleprd N} AYAYy 3 O0RQ RAFFSNBYOSY noptdp> Grn
GNIAYyAy3 yR 3Jf20lt |G N6 pS008), hahofwhieh@o iethA T F S NS
AAIYATFEe fSENYyAYy3a 2F (GKS 3IA&aG arAaylfo ¢Kdz&AX 7T
returned towards baseline levels at retention, suggesting that the learning period was not

sufficient for longterm retention. The fact that these effects were not found for the Hearners
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through this type of online training. Analyses for criterion can be found in appendix E.
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learners (n=9), plotted separately for each abnormal image type b 6 @A 2 dza >

These result were compared to those expected under random chance to further ascertain that
the split in learning effect was caused by individual differences, rather than any selection bias
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decisions were simulated across 1000 runs of 15 participants each, calculating their performance

on the pretraining and postraining test phase, and each of the 9 training phases, and splitting

them into learner and notearner categories wi K t SINE2Y Qa

alk ys

O2 NNBf I @

the real observers. The difference between{mad posti NI Ay Ay 3 RQ F2NJ Wi SI NYySNAEQ

nonnmMmpndnncy HRANFSNARN GKSaWged
improvement in bothsimulated groups demonstrates that the observed split in learners and non

learners cannot be explained by random effects.

ndénnupndnnc o6 dpz/ L

Our results show that nine sessions of perceptual training with global feedback were sufficient to

induce a small, but robust increas gist recognition across all mammogram categories that was

significant in the subset of learners. Importantly, this included mammograms that did not contain

any localizable lesions, as they were contralateral or prior to the development of a visibie, le

supporting the notion that this was a global signal, and not only the local signal that was captured

by the learners. Thus, perceptual exposure paired with global feedback was sufficient to learn the

gist of a new category in a group of learners.
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However, performance returned towards baseline levels after 7 to 10 days of retention without
exposure to mammograms, indicating that the learned signal is poorly retained. While this in
itself might seem unfortunate, it is evidence that participants underingerceptual learning of

the global gist signal rather than following any rating strategy based on simpler specific local

A 2 4 oA ~
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with the view of perceptualuning of the visual system to regularly occurring image statistics in

the mammogram texture that must be actively maintained. This finding also converges with

4

FAYRAY3IA GKIFIG NIXrRA2E23Aa0aQ 3IAad LISNF2NIYyOS

experiencg(Evans et al., 2019Thus, showing it is recent, continued perceptual experience, and

not only (medical) knowledge that allows gist extraction to occur.

Further underlining the importance of perceptual experience rather than knowledge for
detection tasks is previous research that showed that pigeons could be trained to recognise
cancerrelevant microcalcifications in small patches with abehance accurey (Levenson,
Krupinski, Navarro, & Wasserman, 20IR)e findings give supging evidence that

mammaograms contain perceptual features that can be learned through global feedback in
implicit learning. However, importantly, the pigeons could not learn to differentiate benign from
suspicious masses nor could they detect cancerreedmset of any visibly actionable lesions,
suggesting a limitation of their perceptual capabilities. Thus, while pigeons could potentially be
used as a costffective medical image observer to for example investigate impact of technical
aspects such as afial frequency, colour, or other display parameters on performance, as
suggested byevenson eal. (2015) our research instead suggests that training naive human
observers might be a more viable alternative, especially for more complex medical imaging
categorisation tasks, as humans can learn a complex gist of abnormality, and are arguably eas

to instruct.

Our findings suggest an important role for individual differences in the ability of a participant to
learn the gist of abnormality, resulting in a group of learners and ofleamers. This can be
compared to the variability in gist extthon performance between individual radiologists, which
partially but not fully correlates with recent perceptual exposure, suggesting there are additional
AYRAGARdzZLf FFHOG2NE AYyFfdzSYyOAy3dI NIRA2f23IAal
leamer groups were identified based on their learning rate across the nine training phases,
further investigation showed that the learner group had an abokiance performance on
identifying global abnormalities even before any training had taken placeisI$tisking, as no

local abnormalities are present in these mammograms. Thus, learner participants might already
have been more sensitive to disruption of image statistic regularitiegrameing than their non

learner counterparts. Previous literaturemains numerous examples of individual differences in
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perceptual sensitivity. Individual differences in performance or sensitivity have been reported
across many perceptual domains: in visual search f@kek, Xu, &rooks, 2011; Sobel, Gerrie,
Poole, & Kane, 2007; Wang, Lin, & Drury, 198ite processinfVhite & Burton, 2022)scene
processindPringle, Kramer, & Irwin, 20Q4)r even lowevel visual properties such aslour
sensitivity(Emery & Webster, 20199r auditory temporal processir(@hinaCunningham,
Varghese, Wang, & Bharadwaj, 201#)this context, it is not surprising that our participants also

showed a range of initial sensitivity to the task.

Furthermore, the observed varidlty in learning rates between participants in this study

matches previous literature. Learning rates differ significantly between individuals across seven
perceptual tasks in the visual and auditory domain, such as Vernier acuity, face view
discriminatian, auditory frequency discriminatiofyang et al., 2020)mportantly, the

contribution of participantspecific (36.8%) factors is approximately equal to the-sgsdcific
(~38.6%) factors influencing learning rate, underlining the large impacfidi@il differences can
have on learning rates across tasks. Individual differences in learning rates have also been

demonstrated in spatial learning in virtual environme(ifgaller, 200).

So, learners might have been predisposed to have enhanced sensitivity to structural regularities,
resulting in abovechance preraining performance, and subsequently further improved their
performance after training. This predisposition might bedte, or due to previous experiences.
Innate factors can influence performance and learning, as shown by positive correlations
between learning rates and cortical thickness in plosterior parietal cortex (PPC) antbtion
sensitive area MT+ of the V5 faimotion discrimination visual search tggkank, Reavis,

Greenlee, & Tse, 201,6nd similarly for the left fusiform face area in a face view discrimination
task(Bi, Chen, Zhou, He, & Fang, 20Hirthermore, previous experiences such as gaming
activity might influence brain plasticity and increase general perceptual learning éBaiglier,
Green, Pouget, & Schrater, 2012; Bejjanki et al., 204ddther factor that might have made
learners more likely to learn the gist signal could be differences in stralieigypossible learners
were tuned to a more global strategy compared to Hearners who might have focused more

on local signals. Previous research suggested that learners ar@aoer groups utilized

different strategies while being trained on dfdiult grating orientation taskDobres & Seitz,

2010) Further research could further explore differences in initial sensitivity, neural markers, and

strategies employed by learners andn-learners in a gist learning task.

The fact that nodearners did not show improvement in their ability to detect the gist of
abnormality might also be related to the duration of training. Perhaps thesdeeamers would
have shown improvement afterdalitional training sessions, where this was not the case after

nine sessions, for example due to a slower learning rate or an initial maladaptive learning
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performancelevel, which took anywhere between 288 to 936 trials, a factor 3.25 difference,

providing evidence for the existence of a range in individual learning times. However, they also
reported that 4 participants left pastvay through the experiment, leavingup to question

iffwhen these participants would have reached the predefined performance level. Thus, while
non-learners in the current study might have lacked the aptitude or capacity to learn the new gist
category in the task format, they might have signpquired further perceptual training before

they would have been able to increase their performance. Future research could employ a
LNBRSFAYSR LISNF2NXIyOS (GKNBaKz2fR &AAYAfLFNI G2 |

the variation in perceptuadxposure needed to learn the gist of a new category.

As briefly discussed above, our results corroborate the main findings of a previous
training study that showed that implicit learning through auditory global feedback could induce
learning of visual p&rns of medical abnormality in a fregewing taskHegdé, 2020)Notably,
however, the learning described by Hegdé occurred muclefaafter an average of ~600 trials,
YR NB&adzZ 6SR Ay | KAIKSNI LISNF2NXYIyOS 2F RQ H¢
performance is differences between the stimuli. The abnormal mammogram cases used by
Hegdé and colleagues contained loahize, and obvious abnormalities with one region of
interest at least 200 pixels wide, whereas the current study used a larger variety of
mammograms, containing obvious or subtle abnormalities, or even only global signals of
abnormalities with no visible #ons. Another factor is likely the difference in tasks, as-free
viewing tasks are generally easier than rapid gist extraction tasks. The same effect can be
observed for medical experts, as their performance in laboratory-fiewing experiments
reached® 2F H®p T2 NKHeSBNodiMJIFR)2BNWRLIRG 2F mMdPp F2I
(Evans, Birdwell, & Wolfe, 2013)hereas gist extractionJS NF 2 NX I y OS NBI OKSR |
radiographgKundel & Nodine, 1975) ' YR I RQ 2F ™M OHpn Yaou | yR |
(Evans, Georgia8mith, et al., 2013)Thus, while the current performance did not reach the

same levels as observed by Hegdé, this can be explained by differences in task and stimuli.

A general limitation of the current study w#se duration of the perceptual training. This had to

be limited for viability of the research, but consequently, naive participants did not reach the

same performance levels as expert radiologists. After training, learners reached an overall

I @SNI ISPnRE 26FKA OK A& Ot2asS G2 | YSRAdzy STFSOU
0.881.14 reported for expert radiologists on obvious/subtle lesions in similar experinjenéns

et al., 2019; Evans, Georgismith, et al., 2013; Evans et al., 2016) 0 dzii  S-trabificS NE Q LJ
LISNF2NXYIFYyOS 2y YIFYY23IANlYa gAGK It20Ft Foy2NYI
performance of expert radiologists on comparable cases in different experiments, such as a
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(Evans et al., 2019)emonstrating the validity of the learning. The difference in performance on

visible actionable lesions difference could be partially the result of specific medical knowledge, or

it could reflect the differences in the magnitude and duration of perceptual training. While

medical experts do not routinely perform gist rating tasks, they have years efvarld exposure

to the stimuli with on average of up to 4000 read mammograms a yeahich they focus on

detecting visible abnormalities, which would involve an early-selective stage of visual

processing shaping their knowledge of the gist of abnormality.

In the current study, participants became significantly more liberal in théirgs after training,

meaning they were more likely to label any given mammogram as abnormal than before. This

could potentially reflect a selmposed criterion in which participants tried to avoid missing any

cancerous cases at the cost of more falsematx; although it is important to note that no such

instruction was given in the experimemt.move to a more liberal decision criterion may indicate

GKS LI NIHAOALIYGAQ FSStAYy3I 2F FLYATAFINRGE SAGK AYL :
report asignal but it is more likely a result of early stages of learréfgted changes in

developing perceptual expertise as observed in some perceptual training s{ddiesy &

Herzog, 202; Palmeri, Wong, & Gauthier, 2004; Xu, Rourke, Robinson, & Tanaka, 2016)

Another interesting observation was the change in rating time, as participants became
significantly faster after training. This increase in rating speed could potentially be a marker of
the development of expertise. Decreases in reaction times have pralyibeen described to

occur in naives learning to categorize aerial photogrdphsyd, Hodgson, & Stokes, 20@24

training on facdike artificial object categorisatiofWwong, Palmeri, & Gauthier, 2008jowever,

other studiesreported no consistent changes in reaction time after training subordinate and
superordinate level bird categorizatigbevillez et al., 2019; Jones et al., 202)ditionally,
interpretation of our findings is complicated by the fact that this study used.@®rating scale,
operated using a mouse. Thus, it is also possible thatgiatits habituated to using the slider

and became faster at reaching their desired rating score. Overall, this increase in rating speed is
an interesting observation, but a different design is needed to be certain that this effect is caused

by changes inetision making time rather than adeptness at the rating task.

Deep Neural Network performance in detecting cancer

With the aim to further understand how gist expertise develops we examined whether a DNN,
analogous to human implicit learning, was able éptcre the same image statistics that humans
might be using when learning to detect gist of the abnormal. We use a DNN specifically

developed for malignancy detection, which was+m&ned on mammograms, to evaluate its
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performance on the mammograms weadgsfor training and testing our human learners. This is
FaadSaasSR dzaAy3 GKS 5bbQa OFftOdZ FGSR YIfAIYLl y(
probability that that mammogram contained a malignant abnormality. Each unilateral

mammaogram in the training iage set and test image set were scored by both the single breast
classifier imagenly (SBC) and SBC + heatmaps (SBC+HM) DNN. The DNN also provided benign
probability scores, the probability that a mammogram contained a benign abnormality, which

showed thesame pattern of results as discussed below (see appendix F).

Histograms of DNN malignancy probability scores show more overlap between the normal and
global cases, than between the obvious/subtle and normal cases (Fig. 6), indicating that both the
SBC ath SBC+HM were less able to distinguish global and normal from each other. The finding
illustrates an apparent difficulty for the SBC and SBC+HM to distinguish the global gist signal of

cancer compared to the visible obvious and subtle cancers.
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Figure4.6: Distribution of Single Breast Classifier (SBC) and SBC+Heatmap (SBC+HM) malignancy
probability scores on the full image set of mammograms split into 25 bins for each of the image
type categories, with a combined plot showing the overlap between normal (red), obvious

(green), subtle (blue), and global (yellow) scores.

Similarly, AUC calculations (table 1) show that the SBC and SBC+HM both performed well in
discriminating the obvious amnslibtle mammograms from the normal mammograms on
malignancy probability, whereas AUC dropped considerably for the global mammograms,
although it did remain above chance levels for all except the maligrR@B€yon the global
mammaograms in the test set. Thecrease in AUC for SBC+HM shows that heatmaps improved

~ A s oA = 4
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subtle cases. These results on our mammography image lend support to the reported increase in

performance wih the added heatnap described in the original publicati¢W/u et al., 2019)

Table4.1: AUCs for malignancy probability scoresthe SBC and SBC+HM for obvious, subtle,
and global mammograms versus the group of normal mammograms. This is calculated for the

training set and the test set separately. Square brackets contain the lower and upper bands of

95% Cls.
Training set Test set
SBC SBC+HM SBC SBC+HM
Obvious 0.839 [0.842 0.897 [0.885 0.844[0.772 0.885 [0.824
0.854] 0.909] 0.916] 0.946]
Subtle  0.689 [0.668 0.738[0.719 0.701 [0.599 0.803 [0.720
0.710] 0.757] 0.603] 0.886]
Global 0.582[0.563 0.598[0.579 0.505 [0.408 0.683 [0.596
0.601] 0.617] 0.602] 0.770]

Most critically, the low or even athance performance (AUC: 0.505 SBC on test set) on the

globally abnormal mammogranshiows that mammograms with the global signal of abnormality
are especially obscure and difficult to detect. This adds to the significance of our finding that
human observers were able to learn to detect abnormalities in these mammograms, performing

above chance on the test set with which the SBC struggled severho liemonstrates that the

chosen test set was representative of, or potentially even more difficult than, the overall

mammography dataset, and learning was not a result of coincidentally easier stimuli in the test

set.

Next, a direct comparison of human@SBC scores was made to see if similar image statistics
might be used by human observers and machine learning models. This was done by correlating
I SNIF 38 NI GAYy3I FTNRY
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malignancy probabilities and the average of the human learner scores giveanut@ost

perceptual training (table 2). Before perceptual training, the correlation between SBC majignanc

and human scores was namgnificant (p=.137), while the correlation between SBC+HM and

human scores was (p=.005). At paistining test, the average human score across the 200 test
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mammaograms correlated significantly with both the SBC and SBC+HM maligarad benign

scores (all p<0.01, see table 2). Comparing @nel post perceptual training correlations showed
that the correlation coefficient increased after the human observers completed their perceptual
training. After training, human scores morestly agreed with the classifier judgements
mammaograms that were judged as more abnormal by humans also received higher malignancy

probability scores.

Table4d.2:{ LIS NX I yQa NIyl O2 NN humamicanfel scarepiemd By G K S

training of human observers, and the SBC/SBC+HM malignancy probability scores.

Pretraining Posttraining

Correlation p-value Correlation p-value Difference
SBC Malignant 0.105 0.137 0.207 0.003 0.102
SBC+HNV Malignant 0.198 0.005 0.318 0.000 0.119

The finding that agreement between human and SBC scores increased after training has
interesting implications. It suggests that the gist of abnormality signal learned by human
observers during perceptual training is partially captured by the DNN as Wwislladds validity to
2dzNJ FAYRAY3Iasz a4 GKS KdzYtry 20aSNIBBSNER f SIFNYSR
form of a DNN, demonstrating they were able to learn image features of abnormality.
Additionally, the finding that correlation coefficiewas markedly higher for the SBC+HM (0.318)
than SBC (.207) suggests that the added heatmap might capture additional perceptual features
used by the trained human observers. This suggests that the SBC+HM and similar deep neural
networks could be used tmvestigate the perceptual features in mammograms contributing to
the gist signal, for example by performing network dissection, a technigue where layers of the
network are investigated to extract the content that is activating nodes in these |@atset al.,
2020)

4.7.Conclusion

In conclusion, perceptual training with global feedback can result in the learning of the gist of a

new category, although there are individual differences in bothtpaging sensitivity to global

structural regularities and ability to furtimdearn the gist signal, and the new gist signal is poorly
retained if exposure is not maintained. This suggests that gist categorisation might be a case of
Wwdza S AlG 2N £248 A0QF fliK2dzaAK NBGESydGAaAzy 2N O
might be obtained after extended exposure. The exposure in our study only amounted to
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approximately 9 hours task time, and 6470 instances viewed with feedback, which is substantially

less than in real world learning of gist categories.

Furthermore, human @rceptual expertise on difficult, ambiguous cases containing only global
signals of abnormality (contralateral, prior) is still not matched by stéthe-art neural

networks, as indicated by the markedly lower, or evewmlance performance of the DNN on
mammograms with global abnormalities that human observers were able to learn in our
perceptual training paradigm. The global signal of abnormality is extremely difficult to detect and
requires considerable perceptual expertise. On the other hand, weohlserved an increase in
agreement between the human observers and DNN after perceptual training, which indicates a
potential overlap in image statistics used to classify mammograms as normal or abnormal.
Finding out what these image statistics are coulacte us more about the gist of abnormality and
could help find ways to improve image filtering for both human observers and machine learning
models. Together, these findings solidly emphasize the need for continued research into medical
perceptual expertisavith human observers in its own right, especially into more ambiguous

global signals that would be vital for early cancer detection. But it also reinforces the need of
combining these lines of research with the thriving field of machine learning resespécially
AAYyO0S NBOSyid NBaSkNODK KFra adza3SadSR oSySTada
learning models to reach higher levels of performance than either could on their own
(Gandomkar et al., 2021; Wurster et al., 2Q19)

We based our study on drawing a clear parallel betwezmms gist and the gist of abnormality in
radiographs, and it would be beneficial to generalize the current results on learning to a wider
area of gist extraction. The parallels between the two types of gist extraction would imply that
the current findingof implicit learning should generalize to the learning of scene gist as well.
However, as far as the authors are aware, this area has not yet been investigated in the known
literature. A potential avenue to answering this question for scene gist couléWwelapomental
research with young children, especially as previous research has shown that infants already
exhibit signs of statistical learnirigiser & Aslin, 2002bHowever, previous research on the
development of rapid perceptual processing is very limited (but3eeeny, Wurnitsch, Gopnik,
and Whitney (2015)Overall, developmental research often suffers from complications, such as
communication of task instructions or difficulties in directing attention, a lack of control over
previous exposure, individual differences, and other developmental processes occurring at the
same time(Johnson, 2011; Maurer, 2013)hese factors make it less suitable to investdghe

acquisition of the gist of a novel category.

Overall, the current study shows a strong case for how implicit learning would allow the learning

of a new category of any gist, including scenes. What is more our finding that gist extraction
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abilities @n develop separately from medical knowledge reinforces the viability of the idea,
suggested byoss, Kramer, Basak, Prakash, and Roberts (20f103ing trained naive observers,

y20 (2 WdzadzZN1LJQ NI RA 2 f 2NHB ali@G@S A3 Ao fyS3 aWwyY HRIAIE (26
further dissemination of the gist of abnormality signal. This training regime can be used for

training of novice radiologists and screening radiographers or even as a refresher training for

expert radiologists whover their careers see a considerable reducing of cases they read. Further
research is needed to measure the effectiveness of our training paradigm on these populations,

and to explore explanatory parameters for individual differences intga@ing perfamance,

learning ability, and learning rate/speed, for example by investigating the potential variation in

length of perceptual training required to achieve perceptual learning across different

participants.

4.7.List of Abbreviations
AUC: Area Unde¢he Curve

ROC: Receiver Operator Curve
SBC: Single breast classifier

SBC+HM: Single breast classifier plus heatmap

4.8.0pen Practices Statement

The datasets generated and analysed during the current study are available on our OSF
repository, together witlthe Python scripts needed to extract the performance measuras.
data is available under Creative Commons AttribufdonCommerciaShareAlike 2.0 UK:
England & Wales (CC-R&SA 2.0 UK).

Mammograms were selected from the Complex Cognitive Procdsdirtatabase of stimuli,
which can be shared with other researchers upon request to the last author (K.K. Evans), and
from the OPTIMAM database, which can be accessed by requests for research purposes

(medphys.royalsurrey.nhs.uk/omidb/gettiraccess).

Experiments were not preregistered.

4.9. Appendees

Appendix A: Mammographic descriptors of obvious and subtle cases
Ductal Carcinoma In Situ (DCIS) grade can be classified as high, intermediate, or low. Percentages

of DCIS grades in obvious and subtle mammograms can be found itablenour surfaces can
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be positive, negative, or borderline (not strongly +)oior Human Epidermal Growth Factor

Receptor 2 (HER), and positive or negative for Estrogen and Progesterone receptors (see table

4 for percentages in the obvious and subtle cases). The presence or absence of these receptors in
the tumour can impact both theamcer severity and viable treatment options. For example, so

called triplenegative cancers, without HER Progesterone, and Estrogen Receptors, currently

lack of approved targeted therapy and overall have poorer-@mmn outcomegSharma2016)

Table4.3: Percentage of mammograms with a high, intermediate, low, or unassessed DCIS grade
for the obvious and subtle subsets of the image set. Where descriptors were not available in the

OPTIMAM database, the mammogram was classified as unassessed.

Obvious Subtle
High 26.3 14.7
Intermediate 25.2 21.8
Low 8.7 7.9
Unassessed 39.7 55.6

Table4.4: Percentage of mammograms that were positive, negative, bordedingjassessed
for different receptor groups, HER Progesterone, and Estrogen receptors for the obvious and
subtle subsets of the image set. Where descriptors were not available in the OPTIMAM database,

the mammogram was classified as unassessed.

HER2 Progesterone Rceptor Estrogen Receptor

Obvious  Subtle  Obvious Subtle Obvious Subtle
Positive 54 3.5 66.5 55.8 58.4 49.7
Negative 58.8 51.1 6.3 3.3 11.9 7.4
Borderline 0.5 0.1 N/A N/A N/A N/A
Unassessed 1.2 1.7 14 1.6 1.6 1.7

Appendix B: Engagement arattention in training phases
As mentioned in the main document, participant routinely used the spacebar to manually

continue to the rating screen before reaching maximum viewing time (2.5 seconds) in the first
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training phase. This occurred on average oA 88t of 720 trials (95% C138-330), indicating
active engagement with the task instruction to view the mammogram until they formed a first
impression to base their rating on. As a reshidtth average and maximum viewing time rapidly

decreased, as isqted in figure7.

Maximum Viewing Time Average Viewing Time
3000 2500

= N
a1 o
o o
o o

Time (ms)

1 2 3 4 5 6 7 8 9 1 2 3 4 5 6 7 8 9
Training session Training session

Figure4.7: Maximum and average viewing time in milliseconds per participant at the end of each
training phase. Maximum viewing time is calculated for the fourth block a$eksion. Individual

lines are plotted, while the dashed black line represents the group average.

Additionally, participants viewed the feedback screen for an average of 741+72.4 ms per trial

across the 9 training phases, which is estimated to be suffifieht LISNDSA @S (G KS & NJ
global feedback, due to the cologpded and regular nature of the feedback text combined with

the recency of the rating choice as feedback was shown immediately after confirming the rating.

In conclusion, there was cleavidence of attention to and engagement with the training phases.

Appendix C: Lodjnear likelihood ratios ROC curves

¢2 S@Olrtdad S 6KSGKSNI AYRAGARdzZEE LI NOGAOALI YyGaQ
AUCs of logjnear likelihood (LLR) ROCs weoenpared to the AUC of the 9%ercentile AUC of
simulated ROCs. As shown in tabléhe number of participants that performed above chance
increased from 5 to 11 overall after training, an increase driven by an increase from 1 to 7 out of

9 learners, wile no change was observed for ntgarners. This analysis shows that training

caused most participants to outperform a very strict definition of chance levels, especially the

subgroup of learners, in line with the significant testing phase effect obgerveF 2 NJ RQ @

Table4.5: Number of participants performing at above chance levels (real AUt% €ulated

AUC) at each testing phase, split up for learners;leamers, and total.
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Pretraining Posttraining Retention

Learners 1(11.11%) 7 (77.77%) 5 (55.55%)
Non-learners 4 (66.66%) 4 (66.66%) 2 (33.33%)
Total 5 (33.33%) 11 (73.33%) 7 (46.66%)

Appendix D: Effect of training on rating time

A = 4 A X

¢2 SOIFfdzaddS AF LISNOSLII dzF f imbking spded; 84xB répeaie®@ i SR LI- NI A (
measures ANOVA was conducted on the average rating time with the factors image type (normal,

obvious, subtle, global) and testing phase {peéning, posttraining, and retention). Average

rating time was significantly affected by test phd6€1.08,15.10)=25.590, p=<.001 with

GreenhouseD S A & & S NJ G2.64B)BUD oAby iyhage typ¢r(3,42)=1.631, p=<.001,

' 2=.104) nor was there evidence for an interactioneffécC6 c Sy n 0T n dpE@4LyE LI F dnamz
Rating time went down significantly after training compared to-paéning (difference=1291

ms, p<.001) and remained that way at retention (differendd58 ms, p<.001 as shown by a

simple contrast planned comparison. Due to the lack of evidence for an image type effect, the

main effect of testing phase on average rating time is visualized in the bar graphs irBfigime

same pattern persisted for median rating gm

6000 —
5000 — %
[ ]
[ ¥ ]
4000 -
) .
3
0 3000 = % .
=S | :::% o
2 2000 ,z e . 5:;
[0 Y
o Pe

%
1000 - ogg 2

0_

-1000 -

[ [ |
Pre Post Ret

Test phase

116



Figure4.8: Individual average rating times are shown at{r@&ning (pre, green), podtaining
(post, orange), and retention (ret, purple) testing phases, as connectadadts per participant
image type combination and boxplots to show both individual patterns and the population

distributions.

Median rating time was also evaluated using a 4x3 repeated measures ANOVA with the factors
image type (normal, obvious, subtle, global) and testing phaset(pining, posttraining, and
retention). Median rating time was significantly affected by test ph&gé.04,14.49)24.59Q
p=<.001 with Greenhous® S A & & S NJ Q% 68K, BUD oAb ivhage typér(3,42)=1.307,

LJ' & H =@85) rior was there evidence for an interaction eff¢€{6,84)=0.284, p=.943,

' p?=.020).Rating time went down significantly after training compared to-peéning
(difference=1160 ms, p<.001) and remained that way at retention (differenb@69 ms,

p<.001) as shown by a simple contrast planned comparison and visualized ingiguras,

participants took significantly less time to make rating decisions after completing their training.
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Figure4.9: Individud median rating times are shown at pteaining (pre, green), pogtaining
(post, orange), and retention (ret, purple) testing phases, as connectedadals per participant
image type combination and boxplots to show both individual patterns and thelgtam

distributions.
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Appendix E: Criterion for learners and ndearners

For learners, it showed that criterion was affected by both image type (F(2, 16)=13.169, p<.001,
"LMHITndcHHO YR (GSaidAy3a LKIFAS O0COHIMudlfdcvu ®pn I LI O
OCONZOHOIN®OHHOY LI dpHNI 'LMHTAndauTOd® tfFYyySR O2YLI N
posttraining criterion was significantly lower (more liberal) than-maning levels (estimate:

.345, 1(16)=4.703, p<.001), and remained this way anton (estimate-.280, t(16)=3.826,

p=.001). However, for nelearners, criterion was not affected by image type (F(1.091,
podnppolodnndI LI dMmyIS ' LHTIandnap0 y2N 0SaidAy3a LKL &
show an interaction effect (F(4,200=PH pn X LI ®aMHIE ' LHTndncno d

Appendix F: DNN probability of benign abnormality

Histograms of DNN benign probability scores show more overlap between the normal and global
cases, than between the obvious/subtle and normal casesiBjgindicating that both the SBC

and SBC+HM were less able to distinguish global and normal from each other. Similar to the
malignancy probability scores, this again illustrates difficulty for the SBC and SBC+HM to

distinguish the global gist signal of cancompared to the visible obvious and subtle cancers.

Benign SBC
Normal Obvious Subtle Global Combined
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Malignancy probability score

Benign SBC+HM
Normal Obvious Subtle Global Combined
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Malignancy probability score

Figure4.10: Distribution of Single Breast Classifier (SBC) and SBC+Heatmap (SiB£vigitiv)
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abnormality probability scores on the full image setnaimmograms split into 25 bins for each of
the image type categories, with a combined plot showing the overlap between normal (red),

obvious (green), subtle (blue), and global (yellow) scores.

AUC calculations for benign probabilities (ta@jeshow that he SBC and SBC+HM both

performed well in discriminating the obvious and subtle mammograms from the normal
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mammograms on malignancy probability, whereas AUC dropped considerably for the global

mammaograms, although it did remain above chance levels (~0.55).

Table4.6: AUCs for the probability of benign abnormality for the SBC and SBC+HM for obvious,

subtle, and global mammograms versus the group of normal mammograms. This is calculated for

the training set andlie test set

Training set Test set
SBC SBC+HM SBC SBC+HM

Obvious 0.817 [0.801 0.818 [0.802 0.818[0.739 0.785 [0.698
0.833] 0.834] 0.897] 0.872]

Subtle 0.701[0.681 0.670[0.649 0.670 [0.563 0.764 [0.673
0.721] 0.691] 0.777] 0.855]

Global 0.569[0.550 0.555[0.536 0.555 [0.459 0.547 [0.451
0.588] 0.574] 0.651] 0.643]

{LISFNXYIFYyQa NI}yl O2NNBfliA2ya 0SGsSSy GKS

human learner scores given prand post perceptual training (tabl&) showed a marked

increase in correlation after perceptual training. After training, humanes more closely

agreed with the classifier judgementmammograms that were judged as more abnormal by

humans also received higher benign abnormality probability scores.

Table4.7Y { LIS NX I Yy Qaéns beiwgeh theOaekidhiintan I&arner score anel post

training, and the SBC/SBC+HM probabilities of benign abnormality.

Pretraining Posttraining
Correlation p-value Correlation p-value Difference
SBC Benign 0.286 0.000 0.373 0.000 0.087
SBC+HN Benign 0.280 0.000 0.402 0.000 0.122
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Appendix G: DNN correlation with nelearners

Correlating SBC scores with the average ratings of the learner group showed that the correlation
went up posttraining. The same correlations were performed for the average ratings of the non
learners (tableB).

Table4.8:{ LISI NXIyQa NIyl O2NNBf I (A 2gainerscdré gr8rfly (1 K S

Pretraining Posttraining
Correlation p-value Correlation p-value Difference
SBC Malignant 0.158 0.026 -0.038 0.592 -0.196
SBC+HN Malignant 0.301 0.000 0.099 0.161 -0.201
SBC Benign 0.310 0.000 0.104 0.142 -0.206
SBC+HNV Benign 0.342 0.000 0.105 0.140 -0.237

posttraining, and the SBC/SBC+HM probabilities of malignant or benign abnormality.

These results show two things. Firsthgfore training, the correlation between SBC+HM
malignancy predictions and the néearners was 0.301, compared to the 0.198 of learners. This
suggests that the nofearners might have started out sensitive to part of the same signals used
by the SBC, anekpecially the SBC+HM. Potentially, this could be caused by more focus on
localized signals, as implied by the increased correlation with the added heatmiagh adds
scrutiny to local features. Secondly, the correlation between-lgamner and SBC godewn
after training, and becomes nesignificant for all four comparisons. This was unexpected, and
could be the result of a maladaptive learning strategy, where-leanners incorrectly establish
certain perceptual features as normal/abnormal and thisieghem to not only fail at learning,
but additionally diverge from the SBC predictions. However, since this dataset only contained six
non-learners, a larger, more structured approach would be needed to further investigate

potential maladaptive strategieg such a perceptual learning task.
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Chapter 5The neural signature of the gist of medical abnormality

5.1. Abstract

Rapid, global extraction of visual information gives observers access to tliingigeneral
categorical informatiohof an image, usually a scerihroughthe samegist extraction
mechanism, medical experts can rapidly distinguish abnormal from normal medical images.
Previougesearchshowedimportance of theoccipito-parietalregions and perhaps thevisualP2
event related potential (ERR)r scene gist extractiomowever,it is unknown whether medical
gist extraction evokesimilaractivity patterns. In this exploratory study, five experienced
radiologists performed-AFC ratings on mmal and abnormal mammograms, while EEG was
recorded.Activity patterns were investigated across a wide range of ERPs and braiusirens
singlesubject bootstrapping. Differential activity betweéontal cluster, suggesting a whele
brain representatiorof the gist of medical abnormalitfhe involvement of areas beyond the
occipital and parietal regionsuggest thathe neural signature afedical gisis characterized by
distributed activity Differential activity amplitude correlated positively wierformance, overall
medical experience, and recent perceptual experience. This suggesth¢hstural signature of
medical gist categorida an individuamight be influenced btheir medical and perceptual
experience, and it mighie associated witlpperformance. Theravas also evidence for individual
differences across radiologisteost notablyin the direction of differential activityin the N1, P2,
and P6000verall, the findingsuggest that the gist of abnormality is extracted in a network of
regions,with potentially individual differencen how medical gist categories are represented.
Further research is needed into individual differences in (medical) gist extraction and the

functional role of areas in the observed network of activity.

Key words Gist extraction, medical expertise, EEG, neural correlates, visual processing,

differential activity, individual differences, mammography

5.2. Introduction

Gist extraction is a process in which global information is rapidly anéelaatively used to
inform a general sense (gist) of a visual stimuludeed, people are able to detect the geak
category of a scene within 30 ridoubert et al., 2009; Joubert et alQ@7), without needing
selective attention or focal visiofBoucart et al., 2013; Larson & Loschky, 2009; F. F. Li et al.,
2003; Rousselet et al., 200&ee Chapter 1 for more detaildist extraction is generally thought
to occur through a conibation of processes such as the extraction of spatial structural

regularities, summary statistics, and distributed features.

Interestingly, research with medical experts has shown that they are able to detect the

(ab)normal nature of a medical image wittL00250 ms in chest-rays(Kundel & Nodine, 1975)
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PAP smearfEvans, GeorgiaBmith, et al., 2013end mammogramgPatrick C. Brennan et.a

2018; Evans, Georgigmith, et al., 2013; Evans et al., 2QMithout being able to localize the
abnormalities as gist extraction only provides global categorical information. The ability of
medical experts to extract this gist of medical abnormality varies considerably across individuals,
but correlates with their recenperceptual exposureather than years of experience in the field
(Evans et al., 2019uggesting that it isxdeed a perceptual ability rather than the result of

medical knowledge. Furthermore, a perceptual training protocol was able to induce significant
learning of the gist of abnormality in a sgboup of learners in Chapter 4, whiclsfiwith the
perceptual nature of the gist of abnormality signal. Overall, previous findings draw clear parallels

between the gist extraction processes for medical abnormalities and for scenes.

Early divergence in neural activity has been observed as a odsdene gist perception. When
shown for 500 ms each, scenes evoked higher P23200ms) amplitude than objects or faces,
across anterior, central and posterior brain regions, with maximal scene selectivity in the
posteriorlateral cluster(Harel et al., 2016 Magnetoencephalography (MEG) similarly showed
higher M¥100-130 ms)amplitude for outdoor scenes than faces in timedio-occipitalregion
(Rivolta et al., 2012 hus, posterior, occipital regions might be important for scene gist

categorisation, as they show differential activity between scenes and objects or faces.

However, directly comparing neural adgty between scene categories gives more interesting
insights into the potential neural correlates for the gist of abnormalitgrious studies compared
neural activity between animal and n@mimal scenes. These studies observed early differences
betweenanimal and noranimal scenes, starting at 1870 ms, characterized by frontal
negativity,occipitotemporal positivity, and a potential temporal negativity for distractorAgo
scenes without animal@ntal et al., 2001; Delorme et al., 2004; Rousselet et@D22Thorpe et

al., 1996) Even when thesanimal/no-animal scenes were only flashed for 6.25 ms, this

difference was observed &tontal and occipital site@BaconMacé et al., 2005)Furthermore, a
comparison between animal and vehigentaining scenes showed differential activity explained
by visual content starting at 75 ms, but found taskated categorical differences at 150 ms
(VanRullen & Thorpe, 200 owever, these scenes often display the animal or velaisla large
portion of the image, positioned near the centre, making categorizing these images more akin to
object(in-scene) detection. More interesting are studies investigating scene categories, such as
the study byHarel et al. (2016)whichfound that lateralposterior P2 amplitude was higher for
Y6IEGdzNF £ GKFYy YIFIYYFERS a0SySa OAS6SR F2Nlpnn Yaod 2Kl
influenced by image properties such as openness, contrast energy, and spatial coherence,
suggesting that the P2 Bensitive to lowevel image statistics in scen@sarel et al., 2016)Other
studies found that natural and mamade scenes viewed for 100 ms first showed occipital
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differential activity from 70 to 250 ms, which was followed by parietaipital differentid

activity between 258 and 464 ms if the scenes were-tagkvant(Groen et al., 2016hese
findings suggest tit early activitymight capture differences in visual properties, especially from
75 to 150 ms, while later activity might be task attention-dependent, with a potential early
scenegistselective role for the occipital PRlowever,t is not yet knowrnwhether the same

neural patterns occur during the gist of abnormality.

The current chapter is an exploratory study aimed at investigating the neural signature of
extracting the gist of medical abnormality from mammograms, by measuring EEG activity in
medial experts as they rapidly view and rate mammograms as normal or abnormal. As stated
before, there are no previous studies on the neural correlates of the gist of medical abnormality,
making this a novel dataset. However, this also makes it difficultdeighe precise predictions.

The aim of the study if to observe differences in neural signature between normal and abnormal
mammograms, analogue to indoor vs outdoor or manmade vs natoesles However, since
medical gist categorisation is much more diffichan regular scene categorisations where
performance is often in the high 90%, differential activity effects might only be visible in the
subset of correctly categorized mammograms (hits and true negatiBasgd omesults from
manmade vs natural soe research, differential neural activityould be expected to bérst
detectable from 75 ms at the earliest in occipital regions, with further pafietcipital activity

from 250 to 470 ms. Especially the occipital P2 might be impoasaisteneselective activity has
been found in this ERPlowever, early differences (250 ms) might béimited, as the lowlevel
visual differences between a normal and abnormal mammogram are expected to be more subtle
than differences betweer.g.,manmade and natural sne categories. This is especially true for
contralateral and prior mammograms that do not contain any localizable signals of abnormality.
More widely,results in animal/vehickin-scene detection suggest effeatight be observedh

frontal, occipitetemporal, and perhaps parietal regions from 150 ms onwaatthough these

might be evoked by objedh-scene rather than gist categorisation and thus might not be present
in mammogramsLastly, dferential activity in later ERP components might be stronger i
radiologists with better performance or mofescent)perceptual experience, as their neural

systemmight bemore finely tuned to the gist of medical abnormality.

5.3. Materials & Methods

Participants

5 radiologists (mean age: 51, 5 female, 4 digahded)took part in this studyThey were very
experienced at mammography reading, having read between 5000 and 10000 scans for an

average of 6600£1693 (SD) scans read in the previous year, with on avétddep@rcent of
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their total caseload consisting of mammograms, and had been practicing for between 5 and 18

years, for an average of 12.2+4 years.

Thisstudy was approved e Psychology Departmental Ethics Committee ofliméversity of
York(ID: 141)and all participants gave informembnsent.Participants were compensated for
their time. The number of participants was limited by participant availability, as this is a specialist

population, that is hard to recruit, especially for arpi@rson study.
Stimuli and apparatus

The mammograms used in this study were unilateral and in mediolateral oblique (MLO) or
craniocaudal (CC) view. These unilateral mammograms were divided into 4 categories: Normal,
obvious abnormal, subtle abnormal, and global abnormalnhl mammograms came from

healthy women without any abnormalities. Obvious and subtle mammograms contain local
abnormalities but were classified depending on the difficulty of recognising the abnormality in a
normal screening based on the perceptual rgsrof an experienced radiologist. Lastly, global
mammograms were mammograms without any localizable abnormalities, which are thought to
carry only global signals of gist of abnormality. These global signals are present in mammograms
contralateral to a brest with a cancerous abnormality (contralateral), and in mammograms
taken one to six years prior to visible actionable sign of abnormality appearing in a subsequent
scan (priors)Normal, obvious, subtle, and contralateral cases were sourced from the ORTIMA
database, while priors were sourced from the Complex Cognitive Processing Lab database in
collaboration with Dr. Bradley of the York Hospital. Researchers can request access to the

OPTIMAM database through an application processdphys.royalsurrey.nhs.uk/omidb/getting

access), while the prior cases can be shared with other researchers upon reasonable request to
the CCPLc€pl.york.ac.ukK.K. Evans).

This experiment used the same image set as the testing phases in Chapter 4, aside from a small
maodification to increase the number of trialste 200 mammograms (80 normal, 3Bwious, 30

subtle, 30 contralateral, and 30 prior mammograms) were doubled by adding the mirrored
equivalent of each. The mirrored mammograms incretbe number of trials, while retaining

the ability to compare performance with Chapter 4, as the diffyjcaf the mirrored and original
images is expected to be equAldditionally,in order to familiarize the radiologists with the trial
structure, 30 practice trials were added, taken from a set of obvious abnormal and normal
mammogramsiot in the testing se Thus, there were 430 trials in total, 400 of which were used

in data analysis.

Stimuli were presented to the radiologisia a VPixx 3D Lite monitor with a 120 Hz refresh,rate

with a viewing distance of approximately 50 .cAwrist rest was used to al the participants to
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rest their fingers on the keyboard keys, minimising unnecessary hand movements. The
experimental stimuli and behavioural responses were generated and received on a Mac Pro
computer using MATLAB (Mathworks, MA, USA) with the Psyditboatidon (Brainard, 1997;

Kleiner et al., 2007; Pelli, 199BEG data was collected using via a second computer using

ASALab versiofh9.2.23537ANT Neuro, Netherlands), which was connected toBR& cap via
high-speed 64channel amplifiewith a 1000 Hz sampling ratEEG caps with a @&hannel layout
according to the 10/20 system (WaveGuard original, ANT Neuro, Netherlands) were used, with
GKNBS OF L) &A1 Sa 0/{ k ak [ skull tirCudfrdideet YeBicalleRctrdl K S LI NJ
oculogram (EOG) data was recorded usingadiiesive electrodes positioned above the left

eyebrow and on the top of the left cheekbone, after cleaning the skin with an alcohol wipe. EOG
data was sent to the same amijr as the EEG data. Timing of stimuli behavioural responses,

EEG, and EOG were synchronised using triggers that were generated by PsychToolbox and sent to
the EEG/EOG amplifier.

Procedure

Each trial consisted of a fixation cross (1000 to 2000 ms, raizdainmterval), with a short 8kHz
audio cue in the last 100 ms to alert the participant the stimulus would appear, after which the
unilateral mammogram was shown for 500 ms, which was subsequently masked with a white
outline of the same breast for 500 rmefter which the 2AFC was shown for a maximum of 2000
ms, where the participant pressed either the left or right arrow key (Fig 1). The next trial started
automatically 200 ms after the participant pressed one of the arrow keys. The 2000 ms window
was setbased on previously observed reaction times (e.g. Chapter 4) and piloting of the
experiment. If no answer was given in the 2000 ms window, the trial was classified as not
answered, and was not included in further analysis. The radiologists failed to te&pan

average of 4 out of 400 trials, showing a high overall response rate.

%

900-1900 ms 100 ms 500 ms 500 ms 2000 ms
>—tb ¢ ¢

Left: Normal
Right: Abnormal
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Figure5.1: The timeline of a trial, showing the fixation cross (1@@000 ms total), auditory cue

(100 ms), mammogram (500 msnask (500 ms), andRFC answering window (2000 ms).

As described in stimulus & apparatus, the experiment consisted of 30 practice trials, followed by
400 experimental trials. The left and right arrow keys were used to answer whether the
mammogram was armal or abnormal. The initial binding of the arrows to normal/abnormal was
counterbalanced betweerparticipants and flipped after 200 experimental trials, in order to
counterbalance the directionality of responses both for any potential directional amsgvbias

and EEG motor responses. Participants tooktsekd breaks after the 30 practideals, and

after each 100 trials thereafter. Participants were shown their overall score during the break
after 200 and 400 real trials, which aimed to increasgivation. Due to technical difficulties, no

audio cues were available for radiologist 4.

The procedure for the EEG experiment differed from the testing phases in Chapter 4 in a few
ways to improve the EEG recordings. The main difference was the ratiagwsbech was a 2
alternative forced choice (AFC) between normal and abnormal instead of100 slider, in

order to reduce movement to a single keypress, and to speed up the trials. Additionally, this
study used the aforementioned answering window, wiees Chapter 4 had unlimited response

duration.
Data analysis

. SKFE@A2dzNF £ REFEGE 61 & LINRPOSaadSR dzaAy3d aAxdyl f
indicates performance, where higher values indicate better performance, with O being chance
level. Criterion indicates bias, where positive values indicate aergative bias, where

participants were more likely to mark mammograms as normal, and negative values indicate a
liberal bias, where a participant was more likely to mark any given mammograms as abnormal.
No AUC was calculated since ratings weAFZ (nanal/abnormal). Trials where the participant

did not respond in time were excluded from the calculatidfar radiologis4), arrow key
responsesvere flipped for the first 10 trials of block 2, e radiologistreportedthey had been

answering the wrongvay aroundup to that pointduring the measurement, as noted by the

~ A LA

RSuUSOtL

experimenter during the measuremeri Q> LIN2 L2 NI A2Y 2F | AG&X LINP LR NIA?2

criterion were the main performance outcomes.

EEG data was analysed using MNfhon(Granfort et al., 2013) First, EEG data was pre
processed using MNEASTERifps://github.com/wmvanvliet/mnefaster) based on thé-ully
AutomatedStatistical Thresholding for EEG artifact Rejedt®hSTER) technig(idolan, Whelan,

& Reilly, 201Q)which automateslata cleaning, reducing personal bias. Channel Cz was used as

online reference, but as the first step of data processing, all data weefeeenced to average
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activity. Then it was bandpass filtered between 0.5 and 40 Hz to remove electricity and
movementartifacts and resampled to 200 Hz to reduce file size. FASTER was run on this filtered
data, which first detected bad or dead channels and interpolated these, after which signal
components containing eye movements or other artifacts were removed usimgpémdient
Component Analysis. Lastly, individual epochs were cleaned, interpolating channels which
contained temporary noise, and epochs that remained too noisy were rejected. After FASTER,
each epoch was baseline corrected to the average activ@i9 to-200 ms before stimulus onset.

On average FASTER interpolated2+1.939 (2 to 7) channelsremoved2+1.095 (1 to 4)

Independent Component Analysismponents and lastly, rejected0.4 +2.154(8 to 13)out of

400trials for remaining noise

Events of inteests were identified based on the behavioural data to structure the epochs. This
resulted in each epoch labelled as a hit, miss, true negative, and false alarm depending on the
rating and ground truth. Each epoch was constructed using a time windex@@to +1000

around the appearance of the mammogram.

0.000 s 0.100s

40
3.0
20
10
0.0
-1.0
2.0
3.0
40

Figureb.2: Timeline of topography maps of averaged activity across the five radiologists

Five tusters of interest were identified based on bditerature and analysis of a topography
timeline across all trials and radiologisig 3. This timeline showed early positivitydocipital,
parietaland temporakegions, with negativity in central and frontal regions. The occipital activity
persistedto about 600 ms, after which some frontal and central positivity appeared at 700 ms.

Based on this, the following clusters were chosen in thisys(&iy 3)

1 COccipitat Oz, O1, ORO0z, PO3, PO4
1 Parietal: Pz, P1, P2, P3, P4, P5, P6, P7, P8
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1 TemporalFT7FT8, T7, T8, TP7, TP8
1 Central: FCIECzFC2C1, C2CP1CPzCP2
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Figure5.3: Channel layout and chosen clusters of interésontal (blue), central (yellow),

temporal (green), parietal (red), and occipital (pink).

The main effect of interest was that of different gist categories on neural activity, which was
investigated by comparing the evoked activity in two different gar@es of mammograms. Two

main comparisons were made, firstly between abnormal (cancerous) and normal mammograms,
secondly between hits and true negatives. This second comparison was chosen as trials in which
the participant correctly identified the mammaeam as (ab)normal would be expected to have

the strongest gist of (ab)normality processing. Because of the small sample size in this
exploratory study, single subject bootstrap analysis was performed, following the methods
described byOrug et al. (2011)The bootstrap analysis was performed éach subject for the

chosen ERPs for each cluster of interest (table 1), comparing the activity between two conditions

(abnormal vs normal; hits vs true negatives).

For each cluster, the ERPs of interest and their respective search windows (table thossn
by a combination of ERP descriptions in previous literature and inspecting the averaged time

traces in our experiment (see for example Fig 6), of which a brief summary is givefitinere.

128



chosen ERPs are a combination of traditional visual (PE2IN2) and decision making (P3a,

P3b) ERPs, and more exploratory choices (N400, P600). A wide range of ERPs and clusters was
chosen, as this is an exploratory study in which both effects and any lack thereof are of interest,
given thatthere is no previous research investigatihg EEG patterns evoked bist extraction

in medical images.

Firstly, P1 amplitude is strongly influenced by spatial attention, but also by sensory information,
responding more strongly to target stim(Hillyard & AnllevVento, 1998) making it potentially
interesting for early differential effects. The P1 is chardzesl by posterior positivity from 780

ms after stimulus onset, peaking around 80 to 150 milliseconds, with maximal activity in the
occipital regior(Finnigan, O'Connell, Cummins, Broughton, & Robertson, 2011; Gonzalez, Clark,
Fan, Luck, & Hillyard, 1994; Hillyard & AMknto, 1998)P1 activity was investigated in the

occipital, parietal, and temporal clusters with a 60 to 150 ms search window.

Next, similar to the P1, N1 amplitude is also amplified by spatial attention and sensory
information (Hillyard & AnlleVento, 1998) but attentional modulation of the N1 occurs only

when further visual proessing is required for a category response RT task (e.g. long vs short bar)
rather than a simple stimuldsnset RT tasiMangun, 1995; Vogel & Luck, 2008% our task

requires further processing, the N1 might show effects of any early neainadrmal

discrimination. The Nis observed in most brain regions, including anterior and posterior areas
(Finnigan et al., 2011; Gonzalez et al., 1994; Hillyard &-Xilvo, 1998)with activity in an
approximate time window of 130 to 210 ms. The peak of the N1 is often observed first in anterior
regions, around 150 ms, followed by the pEr¥or regions, around 170 m&onzalez et al., 1994)
While the N1 is not traditionally investigatedthe temporal cluster, it has been reported in
centrotemporal cluster (C3, C4, T3, T4 in the2D0ayout)(JohannesMiinte, Heinze, &

Mangun, 1995)For that reason, the N1 was tested across all five clusters, with later search

windows for the posteriof120 to 200 ms) than anterior (75 to 150 ms) clusters

The P2 is often thought to be involved with working memary ancodingFinnigan et al., 2011)
The current study had a speciaterest in the P2 as this ERP was suggested as a-setautive
marker with sensitivity to scene category (manmade/natural) and image statistics (e.g. spatial
coherence)Harel et al., 2016)The P2 is observed in various brain regions, including frontally
and occipitallyKanske, Plitschka, & Kotz, 201R2latencydiffers between regions, for example
around190 to 290 ms frontallgKanske et al., 201,1and 160 to 340 ms occipitalllfinnigan et

al., 2011) The P2 was testdd the occipitaland parietal (200 to 350 ms)andfrontal and central
cluster(150 to 250 ms)
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N2 activity can observeakcrossanterior and posterior areasyith different roles for each

component. fie focus in this study was on the frortentral componentThis frontecentral N2

is thought to be involved in cognitive control and in mismatch from a percepogblate

(Folstein & Van Petten, 20Q8yhich might result in differential activity in the current study. This
fronto-central N2 is sometimes labelled as the N2c, or classificatiqiNB&&nen & Picton, 1986;
Patel & Azzam, 2005Jhe N2 plays a potential role in the classification of gist of abnormality. The
fronto-central N2 typically peaks around approximately 180 to 32%Fokstein & Van Petten,

2008; Patel & Azzam, 2009)he N2 was testein the frontal and central clustavith the 180 to

325 ms search window

The P3a is thought to reflect passive comparison, influenced by attention and novelty, that plays
a role in initial detection and attentional recruitment towards a target. In conath the P3a,

the P3b represents a (mis)match with a consciously held working memory trace, with amplitude
indexing memory storage. However, the P3b is also involved in decision njakiomey,

Murphy, Kelly, & O'Connell, 201%nd its amplitude might represent cumulating evidence
G26FNRa I GKNBaAaK2fR (2 GNRIIASNI I nakingSA2NAT I A2y RS
threshold is especially interesting for the current study. The P3a and P3b are part of the P300,
which typicallyemerges approximately 300 to 400 ms after onset, but is known for a large range
of possible latencies, from 250 to 900 (Patel & Azzam, 2005)he P3a typically has a shorter
latency and a frontecentral distribution, and habituates faster than the RBwlich, 2003)The

P3a was tested for the frontal, central, and temporal clusters with a search window of 200
(temporal) or250 (frontal/central) to 350 ms. The P3b occurs muwosteriorly andwvas tested

for the occipital and parietal clusters with a search window of 350 to 500 ms.

The N400 is known to be involved in semantic context mismatch in reading, but has also been
observed in norsemantic situationgNaatanen & Picton, 1986fror example, N400 amplitude

was influenced by objedh-scene congruityGanis & Kutas, 2003)ith a centreparietal

maximum. The N400 can be observed in mainly anterior and central regions, with the frontal
N400occurringbetween 460 and 59fhs(Kanske et al., 2011The temporal cluster N400 was

also investigated in this study as the average trace indicated a potential effect at the N40O0 time
window, and some studies have reported a smaller, but mestdarN400 trace in temporal
electrodes(Kutas & Hillyard, 1982; Shin, Kang, Choi, Kim, & Kwon, 20083%, N400 was
investigated in the temporal, frontal, and central clusters with a search window 656860

(temporal) or 358600 ms (frontal/central).

Lastly, the P600 has commonly been inigedied in the context of syntactical grammatical errors
during readingOsterhout & Holcomb, 1992Howeverjncreased®600amplitudewas also

observed across the scalghen flashing aincongruenteyeregion area ira face image
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(completed face shown for 200 ms), with maximal activity parietally at 62Q0emsel, George,
Olivares, Fiori, & Renault, 199%)is amore untraditional choice for a visual categorization study,
but was included as an expédory componentas a cancerous abnormalitpuldbe regarded as
an incongruent area within a mammogram. The P600 has a latency of 500 to 800 ms with a
midpoint around 600 ms and is widely distributed, with maximal activity frareotrally(Jemel

et al., 1999; Osterhout & Holcomb, 199Zhe P600 was tested in the pariet&itporal, central,
and frontal cluster (500 to 700 ms).

Tableb.1: List of the ERPs that were tested for each of the clusters, with the start and end (ms) of
the search window for the peak activity, the direntof the peak, and the target window length
(ms) around the peak. The table combines some clusters where the same ERPs were investigated,

to reduce the length of the table.

Cluster ERP Search Star Search Enc Direction Target Window
Occipital &Parietal| P1 70 150 + 50
Occipital & Parieta] N1 120 200 - 50
Occipital & Parieta|] P2 200 350 + 100
Occipital & Parieta| P3b 350 500 + 100
Parietal P600 500 700 + 100
Temporal P1 70 150 + 50
Temporal N1 120 200 - 50
Temporal P3a 200 350 + 100
Temporal N400 350 500 - 50
Temporal P600 500 700 + 100
Frontal & Central | N1 75 150 - 50
Frontal & Central P2 125 250 + 50
Frontal & Central | N2 180 325 - 50
Frontal & Central | P3a 250 350 + 50
Frontal & Central | N400 350 600 - 50
Frontal &Central | P600 500 700 + 100

The single subject bootstrap meth@@rug et al., 201 Wriefly consists of the following steps:
Within each search time window, individual target time windows were drawn around the point
where the average ERP for that clustendition-combination had the highest amplitude (efgr

a Central P2, a positive peak at 173 ms would give a 50 ms target time window®1988ns

across which activity was averaged). This was done to account for individual differences in timing
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of ERPs, since the goal of this analysis was to identfiyaetices in peak amplitude. The activity
difference between conditions was calculated as the difference between the mean potential of
the ERPs for condition A and B across their respective target time windows. Then, to check if this
difference was signifantly different from 0, nosparametric bootstrapping was performed and

the activity difference was calculated on each random resample, creating a histogram of activity
differences (Fig 4). Theyalue of the differences is calculated as the (smaller) priign of
resamples overlapping with 0 times two, as the comparisons were altdilexd, as there was no

a priori expectation of which condition would be larger, for example for radiologist 5, 1.5% of the
resampled differences in Temporal P600 were lothan O, so the pralue would be .03, showing
significant evidence for higher activity in Abnormal than Normal trials. Figure 5 shows the
corresponding average activity, target time windows, angapues for each radiologist for the
Temporal P600The goabf this exploratorystudy was to highlight potentially interesting activity
patterns forfuture investigation, which was why a wide net was Gagss potentially

interestingbrain regions and ERPghus p-values were not corrected for multiple companiso
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Figureb.4: Example histograms showing the distributions of 10.000 bootstrapped differanées (

in Temporal P600 ERPs when viewing abnormal versus normal mammograms for each radiologist.
The histograms show that the temporal P600 evoked by Abnormal mammograms was larger in
amplitude for radiologists 1, 4, and 5, and smaller for radiologists 2 aBdch plot also shows

the real observed difference (black line), zero difference line (red dashed line), and the proportion

of samples below/above O (top left corner).
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Figure5.5: Single subject bootstrajy results showing the Temporal P600 target time windows

for abnormal (green dashes) and normal (red dashes), averaged activity;\ahags per

radiologist.

5.4. Results

Behavioural analysis

As expected, radiologists extracted the gisabhormality with abovechance accuracy.

wkRA2f23Aa04aQ

subtle abnormalities, with a substantial drop in performance for the global cases, while
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remaining above chance for four oof five radiologists (table 2). Looking at criterion, there was

some variation, with three radiologists leaning towards a conservative rating strategy, while the

other two had a slightly liberal rating strategy, but neither showed a large bias, withladisy

between-0.25 and 0.2.
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experience and number of mammogram cases viewed in the previous year are also shown.
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RAD CRITERION 5 Q OBVIOUS SUBTLE GLOBAL YEARS EX CASES VIEWE

1 -0.068 0.546 1.035 0.933 0.184 18 5000
2 0.058 0.622 1.210 1.152  0.137 5 6000
3 -0.118 0.424 0.878 0.619 0.136 14 5000
4 0.217 0.224 0.698 0.528 -0.117 14 7000
5 0.199 0.544 0.996 1.186  0.040 10 10000
AVERAGE 0.058 0.472 0.963 0.884 0.076 12.2 6600

Differential neural activity per cluster

To explore the neural correlates of the gitmedical abnormality, evoked activity is compared
between trials showing abnormal and normal mammograms, and between hits and true
negatives. Investigating this differential activity can show when and where the gist of medical
abnormality appearsThe aerage EEG traces associated with abnormal and normal mammogram
trials (Fig 6) as well as hits and true negatives (Fig 7) are shown for each individual radiologists as
well as the group average (Fig 6) to illustrate the overall activity patterns. These show
considerable differences in timing and amplitude of EEG activity between the radiologists across
the five neural clusters. However, visual inspection also shows potential areas of divergence in
activity levels, where differential activity might occur beiwn the abnormal and normal
mammaograms. In the next sections, detailed investigation of differential activity is described for

each radiologist using single subject bootstrapping for each cluster.
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Figure5.6: Time trace of the average neural activity in Frontal, Central, Temporal, Parietal, and

Occipital clusters for Abnormal (solid) and Normal (dashed) mammograms for individual

radiologists, and group averagésbnormal, black line; Normal, grey line).
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Figureb.7: Time trace of the average activity in Frontal, Central, Temporal, Parietal, and Occipital

clusters for Hits (solid) and True Negatives (dashed) manmamsgior individual radiologists, and

group averages (Hits, black line; True Negatives, grey line).

Occipital cluster

For the occipital cluster, there was no significamidence fodifferential activity between

abnormal and normal mammograms for any of hour investigated ERPs (TableR)r hits and

true negatives, on the other hand, there wagidence fodifferential activity in three ERPs (Table

4). While differential activity was only observed in two out of five radiologists in the occipital

cluster, these had higher amplitudes for hits than true negatives.
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Table5.3: Results of single subject bootstrapping for the Occipital cluster, showinguhleg
and the average difference between abnormal andvhibrf G NRAF & Ay >+ F2NJ SI OK 2

radiologist. Pvalues under 0.05 are bold and underlined.

P1 N1 P2 P3b

p nEv)|p nEev) p nEv) p nEv)
1 0.109 -0.543| 0.405 -0.293| 0.073 -0.506| 0.125 -0.449

2 0.628 0.172 | 0.686 0.155 | 0.764 -0.091| 0.431 -0.196
3 0.632 0.169 | 0.747 0.115 | 0.544 -0.192| 0.195 0.368
4 0.896 -0.042| 0.920 0.035 | 0.355 0.277 | 0.226 0.329

5 0.495 0.327 | 0.984 0.025 | 0.941 -0.030| 0.729 0.115

Tableb.4: Results of singleubject bootstrapping for the Occipital cluster, showing thalpe
YR GKS | @SNI 3S RAFTFSNBYyOS 0SisSSy KAiGa FyR (NHS vy

radiologist. Pvalues under 0.05 are bold and underlined.

P1 N1 P2 P3b

P nev)|p nev)|p nev)|p nev)
1 0.179 -0.562| 0.600 -0.244|0.104 -0.581|0.625 -0.191

2 0.696 -0.171|0.773 -0.137| 0.345 -0.356| 0.453 -0.233
3 0.017 1.044 | 0.340 0.442 | 0.553 -0.264| 0.438 0.291
4 0.910 -0.034| 0.818 0.093 | 0.034 0.828 | 0.023 0.789

5 0.136 0.933 | 0.366 0.600 | 0.554 0.288 | 0.376 0.384

Parietal cluster

Next, for the Parietal clustethere was significantvidence fodifferential activity between

abnormal and normal mammograms for two of the five investigated ERPs in one radiologist each
(Table 5)Differential activity was observed both early (P1) and late (P600), without significant
effects in N1, P2, and P3b. Again, differential agtivécame more pronounced when comparing
hits and true negatives: there were four comparisons with significant evidence for differential
activity in three out of five ERPs, across two radiologists (Tablv6é)all, parietal activity was

higher for abnormbhits than normal/true negatives, except for the P1 where activity was higher

for normal mammograms.
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Tableb.5: Results of single subject bootstrapping for the Parietal cluster, showinguvhieig and

theaS N} 38 RAFFSNBYyOS

0SUeSSyY

radiologist. Pvalues under 0.05 are bold and underlined.

oy 2NN €

2 0.939

3 0.258

4 0.807

5 0.788

P1

neEv)
-0.427

0.021
-0.240
0.052

-0.104

N1

0.513

0.583

0.954

0.722

0.611

nEeEv)
-0.133

0.129
-0.009
0.074

0.231

P2

p
0.080

0.911

0.692

0.123

0.822

nEv)
-0.303

0.021
0.083
0.294

-0.057

P2

0.610

0.919

0.558

0.325

0.691

nEv)
-0.090

-0.019
0.108
0.173

0.100

P600

p
0.993

0.775
0.024
0.137

0.093

nEv)
-0.002

0.043
0.369
0.228

0.393

FYR y2NY

Tableb.6: Results of single subject bootstrapping for the Parietal cluster, showinguvhkeig and
GKS I SN 3S RAFFSNBYyOS

P-values under 0.05 are bold and underlined.

0 Sl ¢SS ythe ERPS per radiblBgisti NXzS

P1

1 0.068

2 0.629

3 0.691

4 0.427

5 0574

nEv)
-0.468

-0.132
-0.106
0.234

-0.296

N1

0.726

0.907

0.496

0.238

0.795

nEev)
-0.094

-0.041
0.201
0.344

-0.134

P2

nEv)
-0.222

-0.140
0.128
0.676

-0.102

P

0.223
0.909
0.157
0.022

0.835

nEv)
0.267

0.028
0.367
0.524

0.071

P600

nEv)
0.315

-0.235
0.437
0.737

0.113

Temporalcluster

For the temporal cluster, there was significavidencefor differential activity between

abnormal and normal mammograms for three out of five investigated ERPs, all in the same

radiologist (Table 7)Additionally, while not significant, differential activity trended towards

significance in radiologist 3 for both the N1 and P600, but in the opposite direction to the

significant effects observed in radiologist 5, as illustrated in Fig 8 (N1) and Bi@09.[er hits

and true negatives, there was significavidencefor differential activity for three out of five
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ERPs across two radiologists (TabléN8)differential activity was significant for both radiologist

3 and 5, but again with opposite direatiality (Fig 10)Overall, higheamplitudes were observed

in the P1 and P3for abnormals/hits, while théN1 and P608howedoppositedirectionality of

effect betweenthe two radiologists with significardr trendingeffects.These reversals suggest
that there might be individual differences in the representations of (ab)normality in the temporal

region.
Table5.7: Results of single subject bootstrapping for the Temporal cluster, showingvtilag
andthel SN 3S RAFFSNBYOS 06Si6SSy Foy2NX¥YILft | yR

radiologist. Pvalues under 0.05 are bold and underlined.

P1 N1 P3a N400 P600

P nev)|p nev)|p nev)|p nev)|p nev)
1 0.822 0.070 | 0.749 0.101 | 0.404 0.229 | 0.598 0.172 | 0.114 0.410

2 0.153 -0.408| 0.983 -0.007| 0.465 0.165 | 0.387 -0.204| 0.409 -0.150
3 0.734 0.064 | 0.074 -0.351| 0.922 0.017 | 0.073 -0.365| 0.068 -0.326
4 0.933 -0.025| 0.596 0.127 | 0.950 0.011 | 0.152 0.322 | 0.123 0.323

5 0.058 0.678 | 0.003 1.028 | 0.011 0.700 | 0.414 0.248 | 0.030 0.536

Tableb.8: Results of single subject bootstrapping for the Temporal cluster, showingvtilag
YR GKS @SNl 3S RAFFSNBYOS 0 GathooBieERASpeli & I YR

radiologist. Pvalues under 0.05 are bold and underlined.

P1 N1 P3a N400 P600

p nEv) | p nEv) p nev)|p neVv)|p nEv)
1 0.896 0.055 | 0.885 -0.050| 0.080 0.551 | 0.870 -0.059| 0.186 0.424

2 0.689 -0.139| 0.359 0.307 | 0.180 0.351 | 0.260 -0.295| 0.327 -0.223
3 0.995 -0.003| 0.020 -0.582| 0.711 -0.080| 0.063 -0.525| 0.457 -0.183
4 0.543 -0.191| 0.328 -0.331| 0.310 -0.312| 0.525 -0.198| 0.112 0.420

5 0.049 0.922 | 0.003 1.399 | 0.148 0.564 | 0.112 0.643 | 0.005 0.900
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Figureb5.8: Single subject bootstrapping results showing the Temporal N1 target time windows for

abnormal (green dashes) and normal (red dashes), averaged activity,\aidgs per radiologist.
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for hits (green dashes) and true negatives (red dashes), averaged activity (hits: green, true

negatives: red), and-paluesper radiologist
Centralcluster

For the central cluster, there wawvidence fodifferential activity between abnormal and normal
mammaograms for three out of six ERPs, across three different radiologists (T.alie 9)
significant findings were characieed by higher amplitudes for abnormal mammograms.
Additionally, for the P2, activity trended towards significance in two radiologists, radiologist 3
(higher amplitude for abnormal) and radiologist 5 (higher amplitude for normal) (Fig 11).
Similarly, P60@mplitude was significantly higher for abnormal mammograms for radiologist 3
but trended towards significance in the opposite direction for radiologist 4 (Fig 12), again
indicating potential individual differences. For hits versus true negatives, ther 4vsignificant
findings, withevidence fodifferential activity in three out of six ERPs across three radiologists
(Table 10)While amplitude was higher for hits in the N2, for the P2, amplitude was higher for
true negatives. For the P600, opposite direnality of effects was observed for radiologist 3

(higher for hits) and radiologist 4 (higher for true negatives) (Fig 13). The opposite directionality
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of effects observed in the P2 and P600 for the central cluster suggest that individual differences

may play a role in the neural signature of medical abnormality gist in these ERPs.

Table5.9: Results of single subject bootstrapping for the Central cluster, showingvildegand
the average difference betiiey” I 0y 2 NXY I YR y2N¥If GNRARFfa Ay >z T2

radiologist. Pvalues under 0.05 are bold and underlined.

N1 P2 N2 P3a N400 P600

p nEv)|p nEev) p nev)|p nev)|p nEev) | p nEv)
1 0.778 0.063 | 0.307 0.225 | 0.521 0.146 | 0.298 0.230 | 0.314 0.230 | 0.342 0.183

2 0.475 0.147 | 0.832 -0.048| 0.753 -0.058| 0.040 0.367 | 0.178 0.220 | 0.258 0.164
3 0.904 -0.028| 0.069 0.383 | 0.953 0.009 | 0.157 0.299 | 0.081 0.365 | 0.000 1.270
4 0.730 0.077 | 0.246 -0.262| 0.660 -0.109| 0.750 0.076 | 0.197 -0.308| 0.060 -0.383

5 0.100 -0.638| 0.060 -0.675| 0.002 -1.111| 0.449 -0.218| 0.341 -0.259| 0.710 -0.096

Table5.10: Results of single subject bootstrapping for the Central cluster, showingwhleg
andthe averagR A T FSNBYy OS 06S0s6SSy KAGa FyR GNHZS yS3aFrdiAirgSa

radiologist. Pvalues under 0.05 are bold and underlined.

N1 P2 N2 P3a N400 P600

p nEev) | p nEev) p nev)|p nev)|p nev)|p nEv)
1 0.323 0.274 | 0.265 0.323 | 0.530 0.181 | 0.954 -0.021| 0.098 0.464 | 0.840 -0.051

2 0.397 0.205 | 0.458 -0.197| 0.178 -0.317| 0.181 0.307 | 0.693 0.084 | 0.306 0.181
3 0.876 -0.039| 0.150 0.404 | 0.965 -0.013| 0.312 0.295 | 0.155 0.383 | 0.000 1.303
4 0.931 0.022 | 0.173 -0.401| 0.774 -0.094| 0.415 0.268 | 0.788 -0.081| 0.000 -1.343

5 0.085 -0.845| 0.006 -1.245| 0.030 -1.029| 0.605 0.185 | 0.287 -0.372| 0.903 0.042
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Figure5.11: Single subject bootstrapping results showing the Central P2 target time windows for

abnormal (green dashes) and normal (red dashes), averaged activity,\aidgs per radiologist.
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Frontal cluster

Lastly, for the frontal cluster, there was significartdence fodifferential activity between

abnormal anchormal mammograms for one out of six ERPs, in one radiologist (Table 11). The
P600 showed higher activity for normal mammograms. For hits versus true negatives, there was
more evidence for differential activity, in three of the six ERPs, in three instanoess two
radiologists (Table 12). Overall, differential activity in the frontal cluster varied in directionality:
the P2, N400, and P600 showed higher amplitude for normals/TNs, whereas the P3a was higher

for hits.
Tableb.11: Results of single subject bootstrapping for the Frontal cluster, showingwhlkei@
FYR GKS | dSNI IS RAFTFSNBYOS 6SiG6SSy Foy2N)YI§

radiologist. Pvalues under 0.05 are bold and underlined.

N1 P2 N2 P3a N400 P600
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P

1 0.751

2 0.873

3 0.977

4 0.982

5 0.877

nev)

0.086
0.059
0.007
-0.001

-0.068

P

0.968

0.795

0.965

0.777

0.603

nev)

-0.010
-0.093
0.009

-0.083

-0.284

p

0.144

0.910

0.421

0.349

0.843

nev)

0.369
0.031
0.228
-0.292

-0.086

p

0.279

0.580

0.051

0.394

0.296

nev)

0.273
0.159
0.526
-0.253

-0.469

0.066

0.767

0.749

0.351

0.259

nev)

0.454
0.081
-0.080
-0.262

-0.423

p

0.204
0.644
0.002
0.680

0.103

nev)

0.274
0.111
-0.677
0.092

-0.443

Tableb5.12:
Py R

Results of single subject bootstrapping for the Frontal cluster, showinguhkei@

0SG6SSy KAlGa

KS

F SN} 3S RAFFSNBYyOS

radiologist. Pvalues under @5 are bold and underlined.

I YR

N1

1 0.641

2 0.493

3 0.106

4 0.626

5 0.880

nev)
0.157

0.310
-0.525
-0.208

0.096

Y
0.778

0.776

0.498

P2

nev)
-0.096

0.129
-0.245
-0.995

-0.331

N2

0.202

0.360

0.231

0.068

0.357

nev)
0.385

0.385
0.473
-0.765

-0.465

P3a

nev)
-0.059

-0.070
0.889
-0.399

-0.486

N400

0.813
0.696
0.583
0.008

0.320

nev)
0.071

0.138
-0.195
-0.946

-0.422

P600

0.773

0.200

0.547

0.085

0.765

nev)
0.082

0.381
0.180
-0.487

-0.087

Summary of differential activity

For (ab)normality comparisons, a total of nine instances of significant differential activity were

found (6.9% of all comparisons), across four of the five radiologists. FarNitthis increased to

18 instances (13.8%)ut evidence of differential activity was only observed in three radiologists.

Clearly, differential activity was more prominent between hits and true negatives, suggesting that

this comparison can tell us more about how/where effective gist extractioesgkace. Here,

patterns in the observed differential activity will be explored with a focus on hits versus true

negatives.

Differential activity between hits and true negatives was observed in at least one instance for

each ERP but was most prominenttie P600 (table 13), where evidence was found for 3

radiologists. A similar pattern was observed for (ab)normality comparisons (appendix A),
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although less clearly so due to the lower number of significant effects. This pattern suggests that

differential adivity becomes more apparent in later stages of medical gist processing.

Table5.13: Total sum and percentage (in brackets) of significant/trending effects per ERP per

radiologist for hits vs truaegatives. Percentage is calculated based on the number of clusters it

was tested at (from Occipital, Parietal, Temporal, Central, and Frontal).

Rad P1 NI P2 N2  P3a P3b  N400 P600 Total
1 0(0%) 0(0%) 0(0%) 0(0%) O (0%) O (0%) O (0%) O (0%) O (0%)
2 0(0%) 0(0%) 0(0%) 0(0%) 0(0%) O (0%) O0(0%) O (0%) O (0%)
3 1 1 0 (0%) 0 (0%) 1 0(0%) 0(0%) 2 5
(33.3%) (20%) (33.3%) (50%) (19.2%)
4 0(0%) 0(0%) 3 0(0%) 0(0%) 2 1 2 8
(75%) (100%) (33.3%) (50%) (30.8%)
5 1 1 1 1 0(0%) 0(0%) 0(0%) 1 5
(33.3%) (20%) (25%) (50%) (25%) (19.2%)
Total 2 2 (8%) 4 1 1(6.7%) 2 (20%) 1 (6.7%) 5 18
(13.3%) (20%)  (10%) (25%) (13.8%)

Aggregating results across clusters for the hits versus true negatives shows that differential
activity was observed in each cluster (table I2servations were distributed quite evenly

across each of the clusters, suggest@ngholebrain representatiorof the gist of medical
abnormality Again, a similar pattern was observed for (ab)normality comparisons (appendix B),
but without observed effects in occipitaluster and only one effect in the frontal cluster
Together, these results suggest that gistgessing takes place across a network of regions,

suggesting a distributed representation of the gist of medical abnormality.

Table5.14: Total sum and percentage (in brackets) of significant/trending effeatsluster per
radiologist for hits vs true negatives. Percentage is calculated based on the number of ERPs that

were tested for that cluster.

Rad Occipital Parietal Temporal Central Frontal Total
1 0(0%) 0(0%) 0 (0%) 0(0%) 0(0%) 0 (0%)
2 0(0%) 0(0%) 0 (0%) 0(0%)  0(0%) 0 (0%)
3 1(25%) 1(20%) 1(20%) 1 (16.7%) 1 (16.7%) 5 (19.2%)
4 2 (50%) 3 (60%) O (0%) 1(16.7%) 2 (33.3%) 8 (30.8%)
5 0(0%) 0(0%) 3(60%) 2 (33.3%) O (0%) 5 (19.2%)
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Total 3(15%) 4 (16%) 4 (16%) 4 (13.3%) 3(10%) 18 (13.8%)

Next, individual differences in number of significant findings were observed in this study. While

this of course could be caused by differences in data quality, this might also reflect differences in

individual neural correlates. Most intriguing, the obged differential activity for radiologist 4

increased drastically from none (0%) for (ab)normality to 10 (38.5%) for hits versus true

negatives, which was the highest out of the fragliologists. Interestingly, radiologist 4 had the

lowest overall perforrh Yy OS 0RQ n®HHNO® hyS YAIKG aLISOdzZ FGS GKIF
relatively weak, resulting in low differential activity especially when looking at all abnormal and

normal trials. Potentially, filtering for the limited amount of hits and true negatatesved the

weaker gist signal to be observed. However, it is important to note thagtithancing effect did

not occur for radiologis, s K2 Ay iSNBadGAy3Ifte KIR GKS KAIKSad 2O3SNY

Lastly, the results section described invertedediionality of observed effects between
individuals in the temporal (N1, P600) and central cluster (P2, PBA3) prompts the idea that
there might be a difference in how individuals represent the gist of medical abnormalitgh
might affect their newal activity patternsOn the one hand, one might leathe textural and
structural elements of normal breast tissue, looking for breaks in this normal struictudentify
abnormalities. On the other handne might construct representations of abnornghbbal
textures and structural elementiat indicate abnormalityThese differences in representation
might explain the opposite directions of effects when comparing the neural signature of
processinghe gist of an (ab)normal mammogranvhere either normal or abnormal
mammograms cause increased EEG actikityther research is needed to explore the extent of

individual differences and potential effects on performance.
Correlations between neural activity and behavioural performance

Investigating the behvioural relevance afbserved neural correlatesouldshed further light on

their role in gist extractionCorrelations were calculated between observed differential activity
ando SKI @A 2 dzNJ t |JBpedEeptiElekpéreedser Nawed in thpast yearyears

of experiencé This section will focus on the later ERPs (P3a, N400, and P600), for the Parietal,
Temporal, and Central cluster. Absolute differences in peak activity were used to account for the
observed individual differences in diremi of effects, as discussed earlier. Thus, a positive
correlation means larger differential activity correlated with higher performance or perceptual
experience measures.ue to the small sample sizénese correlationsre heavilyexploratory,

but it might still show some potentially interesting patterns
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For hits versus true negatives (table 15), the central P3a trended towards a large, positive

O2 NNBf I (6 21V vk jji ne ihdistah B6@O0 trended towards a large, positive

correlation withyears of experiencé _788dp=077). Lastlyparietal P600 trended towards a

large, positive correlation with years of experienice 7B8dp=077). Lastly, the temporal P3a

trended towards a large, positive correlation with cases viewe@B8dp=.(0r7). Taken together,
GKAES y2yS 2F (GKS O2NNBflFGA2ya 6SNB aA3IYyATAOI
indicating that the difference in neural activity between hits and true negatives was higher the
behavioural measure increased. Mostintedest 3f @ = G KS L2 aAGA GBS 02 NNBf
suggests having a more distinctive central P3a signals for abnormal and normal mammograms

was associated with better performancautire research could further investigate the role of the

P3a inmedical git extraction.Effects were found across the parietal, temporal, and central

cluster, although only the central cluster correlated WRIQ = & dzBigr&gioni mightbe

especially important fobehaviourally relevant elements of medical gigtraction.A similar

pattern of results was found for (ab)normality comparisons (appendix C).

Tableb.15; Kendall rank correlation for correlations between the absolute difference between hits
YR G(GNHzS ySAHa3d®»SAASFRRRQEZYR &SI NB 2F SELISNR

coefficient and pralue for each correlation, with trending values in bold font.

D YEARS OF CASES VIEWED
EXPERIENCE
Cluster ERP - p - p - p
Parietal  P600 -0.600  0.233 0.738 0.077 -0.105 0.801
Temporal P3a 0.200 0.817 -0.527 0.207 0.738 0.077

N400 0.000 1.000 -0.527 0.207 0.316 0.448
P600 0.000 1.000 0.527 0.207 0.105 0.801
Central P3a 0.800 0.083 -0.316 0.448 0.105 0.801

N400 0.200 0.817 -0.316 0.448 0.105 0.801
P600 -0.600  0.233 -0.105 0.801 0.105 0.801

5.5. Discussion

As expected, the behavioural results of this study replicated the previous literg®ateck C.
Brennan et al., 2018; Evans, Georggnith, et al., 2013; Evaesal., 2016) showing that
radiologists are indeed able to extract thest of abnormality in unilateral mammograms

containing obvious or subtle abnormalities, as well as mammograms with only global signals of

151



abnormality (the breast contralateral to the abnormality, or taken before the woman went on to

develop cancer).

More importantly, evidence for differential activity between abnormal and normal mammograms
was found in the EEG signals, showing that the neural signature of extracting the gist of medical
abnormality can be detectedComparing neural activity in trials wittbnormal to normal
mammaograms showedvidence forsomedifferential activity inall testedregionsexcept for the
occipital clusterHowever, this evidence was sporadic and varied widely across individuals.
Comparing hits and true negatives provided mewidence for differential activity, across all five
clusters, although this still differed across individuBli$ferential activity waspread across the
occipital, parietal, central, temporal, and frontal cluster, suggesting a wial: representation

of the gist of medical abnormalitirhis suggests that medical gist extraction takes place across a
network of regions across different brain areas, rather than being restricted to mainly the

occipital areawith a distributedneural signaturdor performing medical gist categorisation.

In contrast to the current study, differential activity between manmade and natural scenes has
mainly beerreportedin occipital and parietal regior{&roen et al., 2016)This discrepancy might
be due to differences in the properties of the gist signal to be extracted. Neural activity in scene
gist extraction has been shown to corradatith contrast energy and spatial coherence, the latter
of which also correlated with perceived naturalness of the s¢@&reen et al., 2013)oth low

level spatially pooled summary statisti€or example, spatial coherence indsexsxene
fragmentation and can be computed by spatial pooling of early visual areas such as the LGN and
V1(Groen et al., 2013More intermediate level visual properties of scenes such as size and
clutter are also represented in nealractivity, as shown by whelgrain MEG decodin@Cichy et

al., 2017) Photographs of small and large scenes hd@mdiftial activity patterns from 141 ms
after exposure, while clutteevoked activity differentiated earlier, around 75 ms, and both
remained discriminable up to 600 ms after stimulus onset. Sewss# decoding illustrated that
both size and clutter coulde differentiated in occipital, parietal, central, and temporal areas,
although it remained the strongest in the occipital and parietal regions. While the scenes and
their size/clutter status were not tasielevant, the results bgZichy, Pantazis, and Oliva (20dd)
show that these spatial layout properties are represented more widely across the brain. In
contrast to manmade and natural scendsetgist category of a mammogram is unlikely to be
easily characterized using the ldevel summary statistics described Gyoen et al. (2013)
especially in the mammograms without any local abnormalities (contralateriak). This
complexity can also be recognised in machine learning approaches attempting to accurately
categorise mammograms, often combining various features to capture aspects of texture

features, edge detection, pixel maps, and more, while still rathing satisfactory performance
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important to note that just becausevidencefor differential activity in the occipital regionas

limited, this does not mean that the occipital region is not important for the gist progéess it

does demonstrate a contrast with the scene diistlings,and it establishes that the neural

signature of the gist of abnormality is characterized by widespretidity. Indeed, i is likely that
differentiating abnormal from normal mammogramexjuires integration of various extracted

image propertiego perform this complicated categorisatiprecruiting a network of areas across

the brain

Evidence for differenal activity was foundrom early (76150 ms) to late (50000 ms) time

windows, and acrosgaditional visual (P1, N1, P2, N2) and decision making (P3a, P3l<ERPs
well as later ERRbBI400, P600hat were included as exploratory options. This shows tha

gist of medical abnormality was discriminable in neural activity early on and remained detectable
throughout processing. Previous research suggested the occipital P2 as ssteniyve ERP,

that was shown to be sensitive to scene category and inpagperties(Harel et al., 2016)n the
current study, for (ab)normality comparisons, there was no evidence for differential activity in

the P2. However, there was some evidence for differential activity between hits and true
negatives in the occipital, parit central, and frontal cluster. While these effects were only
observed in two radiologists, it suggests that the P2 might be sensitive to gist categorisation in

general, rather than solely the sceselective role that was previously suggested.

Surprisingly, the P600 was the ERP with the most evidence for differential activity in the current
study. This suggests that the P600 might be a marker for extracting and perceiving the gist of
medical abnormality. The P600 has previously been reported to shésvatifial activity across

the scalp, with increased P600 amplitude when viewing a face with an incongrueragiga

(Jemel et al., 1999%uch changes to the composition of a face are known to influence the
holistic, or global, impression of the face identiBichler & Gauthier, 2014; Richler, Mack,
Gauthier, & Palmeri, 2009Based on results froemel et al. (1999jt could be that the
RAFFSNEBYUGALE | OGA@GAGE AYy GKS tcnn sl a Ol dzaSR
mammograms. On the other hand, the P600 has commonly been assowiegrammar and
language research. One such study shotied P600 amplitude can be modulated by the
saliency and probability of a stimulus, analogue to the @3iulson, King, & Kutas, 1998)
Abnormal mammograms with local abnormalitiegini be more salient. Additionally, the
expected probability (prevalence) of abnormal mammograms is very low, for example 7% in
large American screening trigtisano et al., 200550, while abnormality prevalence was higher
in the current study, perceptual perience might still influence the P600 response for the-low

probability stimulus of an abnormal mammogram. Thus, the differential activitye P600
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might beexplainedby the detection of a visual incongruency or might be related to the saliency
and prdoability of abnormal mammogramButure research should further explore the roles of
the P2 and P600 in medical gisttraction andcould additionally utilize techniques such as multi
voxel pattern analysisr machine learning decodinig gain further ingjht into overall patterns

of activity in more detail than allowed by an ER#ed approach.

A general pattern emerged in the direction of differential effects in this study, which were
characterized by higher amplitudes for abnormal or hit trials than the normal or true negative
trials. This was the case for the occipital, parietal, and tempuater, for both positive and
negative ERPs. One exception was the frontal cluster, where the direction of difference Maried.
is difficult to compare these findings to manmade/natural scene research, as these scene
categories do not directly map to nmal or abnormal category equivalengsnimal
present/absent studies have reported higher amplitudes in occifgitoporal electrodes for
distractors lacking the animal stimul(BaconMacé et al., 2005)anRullen and Thorpe (2001)
isolated taskrelated differential activity in both animal and vehicle go/go tasks, and showed
higher occipital and parietal amplitudes for ntargets, and higher frontal and centrainplitude
for targets from 150 to ~300 ms. These reports of higher occipital and parietal activity for
distractors in objecin-scene detection contrast with the current findings of higher activity for
abnormal mammograms, if one assumes the abnormal magrara would be regarded the

Wil NBSGQD |1 26SOSNE FYAYIFf kOSKAOL $hsdeieBaSyOS
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detection task. Additionally, the current study used-a Z/ G+ &1 YSFIyAy3a 020K (KS

OFOoYy2NXIf 0O | YR a&RA & (rédlaipdnsd in coptrashtdy'thef goAgod NA | £ &
design in the previously discussed studies. Thus, direct comparison with these previous studies

remains difficult.

Notably, while the general pattern of differential activity was towards higher amplitudes for
abnormal/hit trials, the current study alsobservedinstances in the temporal and central cluster
with oppositedirectionality of differential activitypetween two individualsThis was observed for
the temporal (N1, P600) and central cluster (P2, P6l@se differences in directionality of

effects suggest that there might be individual differences in the way neural correlates represent
the different categories of the gist of medical abnormality. Individual ERP variability has been
observed in multiple preious studies, although the exact cause is not always known. In general,
background EEG activity is thought to influence latency and amplitude of ERPs. For example,
variation in amplitude and latency of P300 components can be influenced by ultradian hijthm
background alpha, delta, and theta EEG actiytyokhin et al., 2001; Polich, 199However, at

the time of writing, no known studies have reported reversals in directionality of differential

activity between individuals like those observed in this stgajthough thismight also be caused
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by a lack of singleubject analysis in favour of grolgvel analyses, which woukdde individual

differences.

Lastly, he current studyobserved somérending correlations between differential activity and
markers of performancegverall medical experience, and recent perceptual experiemcthe
tempord, central, and parietal clusteEach of these correlations was positive, with the
differential activity and the behavioural measure increasing together. One previous study also
reported a positive link between neural activity and performancehigher differential activity in

an occipitetemporal electrode correlated with better performance ananimal go/nego task
(BaconMacé et al., 2005)n agreement withl KS  LI2 aA G A @S O2NNBf I GAz2y 2
central P3a in this studferceptual and medical experience have also latén shown to

influence neural activity, although these studies only reported on overall, rather than differential
activity. As an example of perceptual experiertcaining with symbols of a novel script

increased werall occipitetemporal N1 amplitudeevoked by seeing these symbdatsa oneback
task(Brem et al., 2018 Medical expertisavith EKGs or chest radiographs increased the
amplitude of theN170evoked byevaluation ofthat medical imagingnodality (Rourke,

Cruikshank, Shapke, & Singhal, 20M@Bdial expertise also correlated positively with activity in
the right FFA, but negatively with lateral occipital cortex activity, when rapidly judging local
abnormalities in chest radiograplidarley et al., 2009Furthermore, studies have shown that
resting state fMRI activity ddrs between radiology interns and ageatched controlgY. Wang
etal, 2021; Zhangtal., 2022)4a K2 6 Ay 3 G(KS STFFSOG 2F YSRAOLFE |
more, some of these differences in resting state fMRI actootyelated withperformance on a
separatenodule detectiontask.However,as mentioned abovat is importantto note that these
studies did not look at functional differences (differential activity) but instegubrted overall

ERP amplitude across all cases or resting state acfivitis, while there is a clear consensus that
there are correlations between pegptual experience/behavioural measures and neural
correlates, more research is needed into their correlation with differential actitity. Uture
research shouléhcludedifferential activity measureas was done bpaconMacé et al. (2005)

and the current studyas this can shed more light @michneural patternamight befunctionally

related toexperience and/or performance

An obvious shortcoming of this exploratory study is the small sample size, as a consequence of
the extremely niche population and necessity of ajp@nson visit for the EEG measurement.
Future research should aim tocirease sample size, as this would allow a more traditional group
level analysis to be performed alongside the detailed sisglgiect bootstrapping used in this
analysis. The most obvious approach would be to increase the number of radiologists, for

exampe via collaboration within a consortium of universities and hospitals, or through a portable
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EEG device. Alternatively, the training protocol described in Chapter 4 could be used to induce

learning of the gist of medical abnormality in naive participantsch would allow for larger

alk YLX S aal Sasz toSAdG gAlK tSaa adaNepy3ate SadlofAraks
could provide insight into the neural stages of development of a new gist category if EEG

measurements were performed at multgtime points. By combining both approaches, different

levels of perceptual expertise could be explored by comparing medical experts to (un)trained

naive participants. This would bring further insight into the different stages of gist processing,

distingushing lowlevel visual clues from more advanced, emergent properties resulting from

expert gist processing, and decisional and semantic markers.

5.6. Conclusion

Differential activity was observed across multiple brain regions, with evidence to suggest th
distributed activity across the whole brain is involvaddifferentiating medical gist categories.

The involvement of areas beyond the occipital and parietal reggaggestd that the neural
signature ofmedical gists characterized by distributed tgty, in contrast to the occipito

parietal activity reported iprevious scene researchihis suggest that the gist of medical
abnormality requiresnore complicated integration dfifferent textural and structural

regularities, and complex summary stétis that cannot be easily capturedrneural activity
duringearly stages of visual processing. Instead, the gist of medical abnortakéity shape
acrosdistributed activity in a network of brain regiorimportantly, individual differences were
obsened, in strength and numerosity of observed effects and even in the direction of differential
activity. This suggests there might be differences in the neural signature of medical abnormality
categories between individuals. Additionallyfferential activity amplitudén some ERPs

correlated with performance, overall medical experience, and recent perceptual experience. This
suggests thathe neural signature of medical gist categoriasan individuamight be influenced

by their medicaland perceptual experience, and it mighd¢ associated witlperformance.

Overall, the results of this exploratory study suggest that gist extraction of medical abnormality
takes place across a network of brain regions, that integrate visual informatiamsiract
representations of medical (ab)normality, with individual differences potentially influencing the
exact waythat medical gist categories are representiecheural activity Future research should
further investigate possible individual differendegdifferential neural activity as well as the
functional role of different ERPs in the network of regions associated with the extraction of the

gist of medical abnormality.
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5.7. Appendices

Appendix A

Summarising the differential activity for (ab)norntlcomparisons across ERPs (Table 17) shows
that differential activity was present in early (P1, N1), middle (N2, P3a), and late components
(P600). This is in line with the observations for the hits vs true negatives comparison (see main

text).

Tableb.16: Total sum and percentage (in brackets) of significant/trending effects per ERP per
radiologist for abnormal vs normal. Percentage is calculated based on the number of clusters it

was tested at (from OccipitaParietal, Temporal, Central, and Frontal).

Rad P1 N1 P2 N2 P3a P3b N400 P600 Total

1 1(33.3%) 0(0%) O0(0%) 0(0%) 0(0%) 0 (0%) 0 (0%) 0(0%) 1 (3.8%)
2 0(0%) 0(0%) 0(0%) 0(0%) 1(33.3%) 0(0%) 0 (0%) 0 (0%) 1 (3.8%)
3 0(0%) 0(0%) 0(0%) 0(0%) 0(0%)  0(0%) 0(0%) 3(75%) 3 (11.5%)
4 0(0%) 0(0%) 0(0%) 0(0%) O0(0%)  0(0%) 0(0%) 0 (0%) O (0%)

5 0(0%) 1(20%) 0 (0%) 1(50%) 1(33.3%) 0 (0%) O (0%) 1 (25%) 4 (15.4%)

Total 1(6.7%) 1(4%) 0 (0%) 1 (10%) 2 (13.3%) O (0%) O (0%) 4(20%) O (6.9%)

Appendix B

Summarising the differential activity for (ab)normality comparisons across clusters (Table 17)
shows that there was no evidence for differential activity in the occipital region. Most evidence
was observed for the temporal, central, and parietal clustéthwne instance of differential
activity for the frontal cluster. This pattern broadly matches that observed fofTiitgsee main
text), in that the parietal, temporal, and central clusters seem to be the main drivers of

differential activity, showing aetwork of activity for the gist of medical abnormality.

Table5.17: Total sum and percentage (in brackets) of significant/trending effects per cluster per
radiologist for abnormal vs normal. Percentage is calculated based on the number of ERPs that

were tested for that cluster.

Rad Occipital Parietal Temporal Central Frortal Total
1 0 (0%) 1 (20%) 0 (0%) 0 (0%) 0 (0%) 1 (3.8%)
2 0 (0%) 0(0%) 0 (0%) 1 (16.7%) 0 (0%) 1 (3.8%)
3 0(0%)  1(20%) O (0%) 1(16.7%) 1 (16.7%) 3 (11.5%)
4 0(0%) 0(0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%)
5 0(0%) 0(0%) 3(60%) 1(16.7%) O (0%) 4 (15.4%)
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Total 0 (0%)

2 (8%)

3 (12%)

3 (10%)

1 (3.3%)

9 (6.9%)

Appendix C

For the (ab)normality comparison (table 18), differential activity in the central P3a trended
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correlations (see main text). The central N40O correlatedifsigmtly with years of experience

0 _9R9dp=.@3). Lastly, the temporal N400 correlated significantly with cases vieweelod

p=.@3). While these differ from the ERPs observed for-hiks the pattern is the same, with

positive correlations betweenifferential activity amplitude and the behavioural measures.

Table5.18: Kendall rank correlation for correlations between the absolute difference between
(i NJedrd ofiexpenémte. Rn@ BbleShowvsStte A SH SR

FoYy2NXNIEf YR y2N¥YIf
YSYRFftfUa _ v ®Fedch okdagion. I y R LI
D YEARS OF CASES VIEWED
EXPERIENCE
Cluster ERP . p . p i} p
Parietal  P600 -0.400 0.483 0.316 0.448 -0.527 0.207
Temporal P3a -0.200 0.817 0.105 0.801 0.105 0.801
N400 |-0.200 0.817 -0.527 0.207 0.949 0.023
P600 -0.400 0.483 -0.105 0.801 0.316 0.448
Central P3a 0.800  0.083 -0.527 0.207 0.105 0.801
N400 |-0.200 0.817 0.949 0.023 -0.527 0.207
P600 -0.600 0.233 -0.105 0.801 0.105 0.801
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Chapter 6Discussion

This thesis set oub investigate theprocessingandacquisitionof gist categorisations, primarily
focudngon thegist of medical abnormalityy mammogramsTheintroduction of this thesis

definedgist extraction as rapid, globandnon-selective, occurring through a set of processes

that extract spatial structural regularitiesd summary statisticas well adasic and

intermediate disjunctivdeatures. This thesis aimed to further our understandingarameters

influencing gist gtractionthroughthe investigaton ofthe effects of increasedxposure time

(Chapter 2) and the effects of high spatial frequencies (Chapter 3). Additionaihs

hypothesizedhat recognising the gist of a categasquires the formation ofneurona)
perceptualexpectations of thejistproperties ofthatcategonz. | & y 2 AYyylF-0S & 7T 2 N
YFERSEZT 2NJ Al oy 2NXIEE Y YY2 3N Yake expésted@xistA g S LI2 L
was predicted that these perceptual expectations could develop thratigtistical learning

evoked by perceptual exposuatone, without localized feedback chapter 4, this thesis

investigated whethethe gist of medical abnormalityouldindeedbe learnedby naive

participantsthrough perceptual exposure with global feeaitk. Lastly, in chapter 5, the neural
signatureof gist extractiorin medical expertis&vasinvestigatedn an exploratory study with five

expert radiologists. Thiey findings of each chaptaiill be summarised belowfollowed by a

discussion of thie implicationsfor the medical imaging field

6.1. Effects of viewing time

The results from chapter 2 suggest that information derived from gist extraction does not
accumulate, nor does it decrease over longer periods of viewing time, as performance of expert
radiologists rating mammograms did not change significantly when exposure time was unlimited
compared to a brief 500 ms. In other words, unlimited exposure time did not result in additional
global categorisatioimformation being available to improve perfaance, nor did the local
processing remove the ability of participants to acdbss global categorisatioimformation.

These findings match the results frdawans, GeorgiaBmith, et al. (2013)ho showed no

significant difference in performance on gist of medical abnormality in mammograms with subtle
masses or architectural distortions with exposure times of 250, 500, T&®D, and 2000 ms.
Chapter 2 extends these findings to unlimited exposure time, and broadens them to
mammograms with obvious abnormalities, and to priors, mammograms without any localizable

abnormalities that went on to develop cancer in the near future.

The lack of improvement with longer exposure time suggests dgisttextraction is noa
cumulative process that increases in accuracy with longer exposureTimemight be because

all available global information is already extracted by the gist processes within the first 500 ms
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of viewing a mammogram, and further exposure cannot further increase the gist Sitpigl.
would fit well with the findings froniEvans, GeorgiaBmith, et al. (2013)escribed above. On the
other hand, more global information might be available, but is eitihat accessed or not
consciously available to influence perceptipmaybe because the shift towards selective, local

processing decreases the weight given to gist perception.

Importantly, however, performance of radiologists did not diminish with unéohigxposure time
either, even when no visible abnormalities were present (in priors). For these priors, a shift away
from global gist towards local processing would be expected to decrease performance due to the
lack of local abnormalities. This suggesiattany further local processing taking place under
focused attention during unlimited exposure time did not reduce the ability of radiologists to
access their gidbased first impressions. Thus, gist information remained available to the

observer even whe further processing for local, detailed information took place.

Under the reverse hierarchy model, an inifie¢dforward sweep creates an automatic or implicit
first impression of a more general categorization (the gist), as neurons in these higladr visu
areas are tuned to higher level categories invariant to scale or pogkioohstein & Ahissar,

2002) allowing recognition of categories from variable viewpo{iigans & Chong, 2012)

Indeed, a feedorward machine learning model based on the anatomical visual pathways to the
prefrontal cortex performed similarly to humans on rapid animataromal scene categogation
(Serre et al., 2007¥khowing that an initial feefbrward sweep can access gist categorisations
Subsequentocd processing takes place vientrant processing, in which feedback from higher
cortical areas returns to lower cortical areas to further refine information through feedback loops
with lower cortical regions, allowing for local object binding and fottah#ion (Hochstein &
Ahissar, 2002)The lack of improvemenmtr impairment with longer viewing times suggest that

the initial feedforward sweep in whiclgistis extracted is not impaired by subseauee-entrant

focal processingasthe gist signal remains available with longer exposure.

6.2. Spatial frequency bands

The results from chapter 3 suggest that important information underlying the gist of medical
abnormality is contained in specific frequey bands, while the presence of other frequency
bands might mask the gist signal with noisy or 4igiormative content. Filtering out frequencies
below 0.5, or below 1.5 cpd both increased the ability of radiologists to recognise the gist of
abnormality n priors, mammograms without any localizable actionable lesions that went on to
develop cancer in the near future. For the 0.5 cpd filter, this occurred without affecting their gist
performance on mammograms with obvious or subtle lesions, while the H5iltgr caused a

slight decrease in performance on subtle abnormalities. On the other hand, 1 or 2 cpd filters
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provided no such benefits, and instead decreased overall performance. Combined, these findings
suggest that @ 0.5 cpd contains mainly noises eemoving it increased performance in the 0.5

cpd filter, perhaps through removirigShhreast densitysignalsWhile breast density can be a risk
factor for breast cancer, previous research found no correlation between BIRAD density and gist
of abnormaliy ratings(Evans, Birdwell, et al., 2013; Evans, Geor§ianith, et al., 2013; Evans et

al., 2016) Next, the 0.5 1 cpd contains important spatial structural regularities for the gist

signal, as removing it decreased performance in 1 cpd filter. On the other hand, based on these
results, 1¢ 1.5 cpd seems to contaa mix of noise and gist signal, as removing it in the 1.5 cpd
filter increased performance on priors, but decreased performance on subtle lesions. Lastly, the
results suggest that the 162 cpd frequency band might contain important information foe th

gist of abnormality, as the 2 cpd higlass filter decreased overall performance. Thus, spatial
structural regularities that are informative for the gist of medical abnormality seem to be present
in 0.5 to 2 ¢cpd, while evidence for noisy signal redupigiormance was found for 0 to 0.5 and 1

to 1.5 cpd. These results emphasize the important role of spatial structural regularities in gist
extraction, where specific gist categories are likely to be represented by information in specific
spatial frequencyands. Our past perceptual experience might form expectations for the spatial
structural regularities that represent a category, and this is what then allows observers to rapidly

recognise the gist of their visual environment.

Importantly> / K I LJGufisNdere & dguireNBya pipeline of spatial frequency filtering,

brightness boosting, and contrast normalization. The boosted brightness in the current study was
used to ensure that the highass filtered parenchyma remained easily visible, as-pags fiters

strongly reduce the contrast energy in an imgBerfetto et al., 202Q)meaning they have lower

overall visibility By first boosting the overall brightness, this visibility was improved, while the

last step of contrast normalization ensured that the hjgass filtered mammograms contained

the same contrast levels as the unfiltered mammograms. A potential concern Wweultht

0KSasS aidSLlA YAIKEG RAAGAIND GKS Wyl GdzNIftAadA0oQ
AYKSNByYyGfe Wdzyyl (dzNI £ QF kray abSdpSod leveldld 3DHtiSsued A & dzl
the visibility of specific tissuei xraysdepends on tie specific machim settings, image
processingised(Cole etal.,2005) I YR S@Sy GKS LINI OGAGA2YSNERQ |
(Mercer et al., 2013)In the clinic, radiologists even use programs to change the contrast or
brightness of the cases as they view them. Thus, the brightness increase does not create an
unrealistic stimulus, and was condive to the main aim of the chapter of finding spatial

frequency manipulations that could enhance detection rates.

Previous studiesupportthe importance of contrast normalization when investigating the roles

of spatial frequency bands in gist extractidithout contrast normalization, gist detection of
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obvious and subtle abnormalities dropped slightly for both kiglss and lowpass filtered
mammogramgEvans et al., 2016although the decrease in performance was much more
pronounced for lowpass filtered mammograms. Thus, the previous findinggvans et al.
(2016)suggested that more gist information was retained in the HSF than LSF mammograms
even before contrast normalization tkglace. Chapter 3 extends on these findings by showing
that high-pass filters combined with contrast normalization retain overall performance as
compared to the fulspectrum mammograms. The effect of contrast normalization can also be
observed in sceneigl research@st performancewnas reduced in HSF sceneithout contrast
normalization, buttontrast normalization equalized performanietweenLSF and HSF scene
images(Perfetto et al., 2020)Thus, contrast normalizatiors essential to reveal the full effects of

high-pass filtering in both mammograms and scenes.

More generally, conflicting effects of spatial frequency content have been reported in scene
processing. The earliest findings suggésthat scene perception of hybrid images relied mostly

on LSF with 30 ms viewing tirffechyns & Oliva, 1994)owever, this effect swapped to a
preference forthel C 4 0Sy S 02y GSyd G mpn Ya @ASgAy3ad GAYS:
content already had a priming effect at 30 ms viewing time. Additionally, these hybrid images
were not naturalistic stimuli, as the mixing of spatial frequencies breakguityof contours

and edges in the HSF spectrum. Additionally, folliparesearch showed that the most recent
exposure (either LSF or HSF) influenced the perceived category of a hybridQGlemé& Schyns,
1997) suggesting that our visual system might be able to flexibly tune its sensitivity to expected
or relevant spatial frequencies when a full spectrum image is presented. What is more,
neuroimagng largely points to the importance of HSF in evoking early visual a¢iaitfffmann

et al., 2015; Rajimehr et al., 201dnd more interestingly, decoding scene categories from this
activity in many scenselective areagBerman et al., 2017; Walther et al., 201astly, a

perceptual study reported no significant differencepérformancebetweenLSF and H3Eene
images(Perfetto et al., 2020)Thus, the more recent findings in wider scene research suggest
that the role of spatial frequency bands might depend on the specific task, recent exposure, and
expectations, but does suggest that HSF plays an important role in encoding scene category

information.

Taken together, both LSF and HSF are available to the visual system early after stimulus onset,
but HSF might be especially important for gist exi@tprocesses, especially where only

difficult, global signals are present. Interestingly, HSF is able to enhance the gist of abnormality in
prior mammograms that go on to develop cancer in the near future, potentially by removing

noise from breast densitsignals in the 0 to 0.5 cpd frequency band.
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Future research could use bandpass or bandstop filters to narrow down the effects of the
absence or presence of more specific spatial frequency bands, rather than thpasgtiilters

used in the current studyThese bandpass/bandstop filters can selectively isalgfifter out a

small band of frequencies. This would allow for more controlled adjustment of frequency content
and could help identify the exact combination of spatial frequenciesc¢batain the gist of
abnormality in mammograms. This could for example be used to filter ogtHe05 and FE1.5
frequency bands to investigate whether this combination further enhances the gist signal or
could remove/isolate smaller sudections of therequency bands that were identified in this

chapter.

Additionally, future research should investigate whether the same or similar effects epafgh

filters can be observed in other medical imaging modalities, such as digital breast tomosynthesis,
chestradiographs, or even micrographs or dermatological images. This would provide insight into
whether the gist of medical abnormality is present in the same spatial frequency bands across
modalities, or whether this is modality specific. Modality specifidciapiequency signatures of

the gist of abnormality would be expected, as the ability to extract the gist of abnormality in one
domain does not translate to another, for example between mammograms and micrographs of

cervical cell§Evans, GeorgiaBmith, et al., 2013)

6.3. Statistical learning through perceptual exposure

The results from chapter 4 suggest that the gist of a new categorpedearned through
perceptual exposure with global feedback, although there might be individual differences in
speed and/or ability to learn to recognise the new gist signals. Splitting the group of naive
observers into learners and ndearners based otheir trainingsessionsevealed a significant
improvementbetweenthe pre- and posttraining testsfor the learners, while there was no
significant change for the nelearners. For learners, performance improved across different
conspicuities of mammognas, including those without visible abnormalities (contralaterals,
priors). The fact that performance improved for these very difficult cases without localizable
abnormalities supports the notion that these observers learned to recognise a global textural

signal representing the gist of medical abnormality.

While there generally is a lack of research into the learning of a new gist categorisation, the

existing results largely match the findings of Chapter 4. Firstly, a studgdye (20203howed

that participants learned to detect the presence/absence of obvious abnormalities in

mammograms after untimed perceptual traiginvith global feedbackHegdé, 2020)This study

did not limit viewing time in training nor tests, but its findings support that lesgrio detect
FoYy2NXFfAGASE AY YIYY23INIYa OFy 200dzNJ (0 KNE dz3 |
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previous research has shown that observers could learn to detect the presence of camouflaged

targets in textures through rapid perceptual training (500 neswmg time) with global feedback,
goingfromchancé S@St a (2 RQ& 2F dMPH | Fi DNChen&INREA Y| St @
Hegdé, 2012)This rapid detection of the presence or absence of a camouflaggdt might

make use of information extracted by gist processes to rapidly detect whether the global

structural regularities of the texture are intact or not. Thus, while not directly a gist extraction

task,X. Chen and Hegdé (20XR)dings fit with the view that learning of spatial structural

regularities can occur through rapid, perceptual training with global feedback.

Furthermore, a recent study suggested that observers were able to thargist of medical
abnormality in skin histology images after only a brief training (~258 exemfliiyolamo et

al., 2023) But, while participants were tested on a gist task (500 ms), trairsed long viewing

times (up to 24 seconds) and outlined the area of the image containing the skin patiokbgy
feedback. Interestingly, participants were also able to distinguish the four different skin

LI GK2f 23ASa 6AGKAY (i Ki§htlyabodeghandvatctiracy aftér frafgg NB 6 A (0 K
suggesting that these pathologies had distinct characteristics that could be recognised within 500
ms. However, the article did not report no baseline performance, nor expert performance on the
same task. Thisakes it difficult to contextualize the observed abesteance performance after
training. Furthermore, the histology images all contained localisable abnormalities, which are
expected to occur predominantly in the centre of the image, and the experimdmat use an
equivalent to the contralaterals/priors used in mammography gist research. Skin histology
categorisations might be easier to perform graining, or might be more uniform in

appearance, allowing simple perceptual rules to be used for tla@gorisation. This might make

the skin histology task more akin to the sexing of chicks. Sexing of chicks is initially difficult (60.5%
correct), but observers reached neexpert performance (84% correct) after brief instruction

from experts(Biederman & Shiffrar, 19873uggesting that this task glal be learned through
instructions on specific exemplars. Skin histology images might similarly contain such key
features. However, despite these shortcomings, the methodology and resuliirolamo et al.
(2023)pose some interesting areas for future research. The ability of radiologists to recognise
abnormality subtypes in mammograms in a gist extraction paradigm has not previously been
investigated, so it is unknown whether foxample histological subtypes of breast cancer (see
Makki (2015¥or a review) have distinguishable gist characteristics. Thus, it would be interesting
to investigate whether radiologists cantdet certain subcategories of abnormalities in
mammogramg; and perhaps even in priors or contralaterals. However, it is very possible that the
characteristics of skin pathologies in histology images are more distinctive than histological

subtypes of bredscarcinoma in mammograms. If abnormality gist subcategories can be
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distinguished in mammograms, it would be interesting to further investigate the gist properties
of these subtypes using image analysis, as well as further investigate the effects afjtraini
paradigm on the speed of learning and eventual strength of learned signals, given the many
differences in training paradigm used in each of the discussed st(Xli€hen & Hegdé, 2012;
DiGirolamo et al., 2023; Hegdé, 2020)

In addition to the potential influence of training paradigm, the subdivisioleafers and non
learners in Chapter 4 suggests that there are also individual differences in ability to learn a new
category of gist. However, it is not known whether Hearners were fully unable to learn to
recognise the gist of abnormality, or if theymply needed a longer training period before

learning would be visible. Previous studies show some evidence for individual differences in
learning speed. For examptegdé (2020)eported a wide variability in the length of training
needed for participants to reach a performance threshold, varying 2881to 936 trialsMore
generally, individual differences have beepoeed both in speed of perceptual learning

(Maniglia & Seitz, 2018; Rotman, Lavie, & Banai, 2020; Waller,,20@0n perceptual

capailities, such as visual sear(®rock, Xu, & Brooks, 2011; Sobel, Gerrie, Poole, & Kane, 2007,
M.-J. J. Wang, Lin, & Drury, 1997gividual differences in learning ratatso influencespatial
learning in virtual environment@Valler, 2000)Additionally, the influence of individual

differences on learning rate was calculated to be 36.8% across a range of visual and auditory
perceptual taskgYang et al., 2020fomparable to the 38.6% for taskecific factors, supporting

the subgantial influence of individual differences observed in Chapter 4.

Individual differences might be innate, due to previous experiences, or might even be related to
differences irstrategy. For example, innate differences in cortical thickness of relevaint b

areas correlated with learning rates afmotion discrimination visual search tggkank et al.,
2016)as well as face view discrimination tagBi et al., 2014)0n the other hand, previous
perceptual experience might also influence learning rates, as people with more previous gaming
activity were found to have higher general perceptual learning réBeselier et al., 2012;

Bejjanki et al., 2014)Lastly, strategy or general motivation could influence learning rates as well.
Learners might have been more motivated, or might have used a more global strategy, while
non-learners might have used maldaptive strategies, such as focusing on local signals. Indeed,
Previous research suggested that learners andleamer groups utilized different strategies

while being trained on a difficult grating orientation ta@kobres & Seitz, 201&Exploring
differencesin previous perceptual experienceseuralanatomy, and strategies employed by
learners and no#earners in a gist learning taskuld provide valuable insight into which fixed
(innate) and flexible (previous experience/strategy) factors influence the learning of a new gist
category.
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Individual differences in performance are also present in medical experts. Performance on a gist
task correlated with recent perceptual exposure (cases read in the previous year) witlohin R
0.2(Evans et al., 2019%pimilarly, specificity on a untimed mammography screening task in
laboratory conditions correlated strongly with annual reading volumes, while there was no such
correlation with their ability to correctly localize abnormad&i{Rawashdeh et al., 2013Jhus,

N} RA2f23IA43G4Q LISNF2NXYIFyOS Ay o02G4K 3IAad FyR
perceptual exposure, supporting the idea that gist extraction performance is influencee by th
amount of recent exposure. However, perceptual exposure did not fully explain individual
differences in gist performance, suggesting there are other factors influencing individual
performance. Further research should investigate which factors explaividod! differences in
learning speed and perceptual capabilities. One potential avenue would be to administer a
testing battery of general visual processing tasks to see how performance on simple laboratory
tasks correlates with training speed and perf@nece on a gist task. Additionally, it would be
especially interesting to further investigate explanatory variables for individual differences
betweenradiologists, as this miglptrovide further insight into factors influencing gist extraction

and mightallow for selection of radiologists with a strong gist signal for risk assessment.

Where learning did take place in Chapter 4, it was unfortunatelystroinglyretained. The
performance of learners did not differ significantly from baseline after sevennaldgs of
perceptual inactivity. Thus, the gist characteristics of the newly learned category of medical
abnormality werenot sufficiently encoded to be retained over longer periods of time. It is
possible that continuous regular exposure is required tairethe gist of a category, but a gist
category might also become more stable after more prolonged periods of exposure. After all, it is
unlikely that someone would be unable to categorize a scene image of a mountain, if they had
not seen one for 7 daysy even a longer period of time. For context, it is important to keep in
mind that the nine sessions of training amounted to only eight hours of exposure across nine to
twenty days, followed by at least seven days of no exposure. So, while the trainiegpmrded

to viewing and rating almost 6500 instances of a mammogram, this is still relatively minimal
compared to our lifdong exposure to scene categories or the years of practice that expert
radiologists have. Additionally,ReA 2 £ 2 I A & ( & @ehdasibéell shodd dodrralMavinitty”
cases reviewed ithe previousyear,but not years of experiencéEvans et al., 2019nforcing

the idea thatcontinued perceptuaéxperiencds important for retaininghe gist of medical

abnormality.

Other literature on the retention of statistical perceptual learning is relatively scarce. Previous
research has shown that statistically learned shape sequences are retained fostét4daours,

resulting in faster reaction times for the second and third shape of a triplet in an (R8W,BSeitz,
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Feenstra, & Shams, 2008k well as abovehance performance on a triplet recognition task
(Arciuli & Simpson, 201®) 2 KI (G Q& Y 2 NB ErcidllsnNIidpddn 2010 & MR LI S i
recognition task did not differ significantly after 30 minutes, 1, 2, 4, or 24 hours, indicating that
the statistical learning was relatively stable and consistent over time. Audogypatterns can
similarly be retained for 4 and 12 houiBurrant, Taylor, Cairney, & Lewis, 2Q1Hdwever, no
knownresearch tested the extended retention of perceptual learning paradigms to the level of
the 7-day interval used in Chapter 4. Thus, further research of retention of perceptual statistical
learning in general, and especially for gist extraction, is neddeatidition to further studies on

the retention after perceptual training in naive participarftgure researchcouldinvestigate the
retention of the gist of abnormality in medical expettsit are retiring or changing careers to
explore longer term regntion, orin medicalexperts going on a brief hiatus of practiceich as a
holiday,for shorter term retention. The former carries the risk of being contaminated by effects
of cognitive decline with agingyhich would require appropriate control subjectait a

combination of bothshort- and longterm retention in medical expertaould provide a

fascinating insight into the retention af consolidated gist category that is hard to get from

training naive participants

6.4. Neural signature of gigktraction in experts

In Chapter &he neural signature of extracting the gist of medical abnormality was explored in
five expert radiologists. This study focused on differential activity, as this provides insight into
where and when in the brain gist caferies are distinctly represented in the neural activity. The
results showed evidence for differential activity between normal and abnormal mammograms,
across a distributed network of areas and ERPs, suggesting that gist extraction for medical
abnormalitytakes place in a distributed fashidnifferential activity wasbserved across the
occipital, parietal, central, temporal, and frontal cluster, and generally was caused by higher
amplitudes for abnormal mammograms than for normal mammograms. Differextfality was
observed throughout early and late ERP components, including the P2 that was previously
described as a scerselective ERfHarel et al., 2016)and most prominently in the P600. Further
neuroimaging studies should examine the roles of these ERBdracting the gist of medical
abnormality. Additionally, more advanced techniques such as computational decodimgjter
voxel pattern analysisf trials should be used in concert with traditional greepel and

individuatlevel ERP analyses.

Howeverthere were also some instances where there were individual differences in the
direction of the differential activity, meaning that the same ERP in the same cluster showed
higher activity for hits in one radiologist, but higher activity for true negatinesother.

Opposing directionality was observed in the temporal (N1, P600) and central cluster (P2, P600)
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These findings suggest that the neural signature of the gist of medical abnormality might vary
between individuals at some timepoints of neural pgesing. As there were some correlations
0S06SSy o0SKIF@A2dzNF £ |yR SELISNIAAS YSI adaNBa
last year), it is also possible that there is an influence of (recent) perceptual experience on the
neural signature of thgist of medical abnormality. As this finding was based on an exploratory
study of only five radiologists, a moredepth investigation of individual differences in gist
extraction is needed. Additionally, it is unknown whether there is similar indiviguation in

the neural signature of scene gist categorisations, such as natural venad®, which could be

addressed in future research.

Lastly, it would be interesting to combine the training protocol described in Chapter 4 with the
EEG measurements Ghapter 5 to investigate the neural activity of a gist task before and after
perceptual training. This might also provide additional insights into the individual differences
observed in both chapters, by exploring neural differences between learnersami@arners. It
would be especially interesting to explore if training brings about distributed representations
throughout the cortex, and to look at the P2 and P600 activity that was most prevalent in the

radiologists in Chapter 5.

6.5. Implications for edical imaging

Medical images acquired in a screening process, such as mammograms from breast screening,
need to be reviewed by a medical expert to assess whether there are any suspected
abnormalities. If sufficient evidence of a potential abnormalityisf, the patient is referred to
follow-up procedures such as a biopsy. As such, screening is a time intensive process, that relies
heavily on the first step accurately detecting cases with suspicious abnormalities. If an
abnormality is missed, this canvedisastrous consequences for the patient, as early detection is
vital to increase chances of positive health outcorf@sleman, 2017)and screening is relatively
infrequent (3 years in the UWNICE, 201Y)However, incorrect referral for followp also has a
negative impact through both healtlare cost§Chubak et al., 201@nd the mental impact on

the patient(Jatoi et al., 2006; Sandin &t, 2002) While the exact impact imcredibly difficultto
estimate, a metaanalysis estimated thdireastscreeningn the UKled to a 20% reduction in
mortality, with approximatelyl1-19% of the cancers diagnosed constituting overdiagnosis
(Marmot et al., 2013)Thus, assessing screening cases requires thécalegkpert to strike a fine

balance between being scrupulous/selective, and vigilant in each case.

It might seem like a simple solution to simply increase screening frequency, but this has multiple
disadvantages. Firstly, it increases the burden on theesgng process. Secondly, it increases

healthcare costs and the chance of overdiagnosis. Thirdly, it increases the radiation dose each
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woman receives, which can slightly increase risk of radiattated cance(De Gonzalez, 2011,
L. M. Warren, Dance, & Young, 2Qlléstead, a balance needs to be struck between identifying

at-risk women for further scrutiny or screening prioritization.

Here, the gist of medical abnormality coma® play as a potential cosffective way of

identifying mammograms that contain subtle signs of medical abnormality, either because the
breast currently contains subtle cancer that was missed or because the woman is at risk of
developing cancer in theemar future. Mammograms with a high gist of abnormality score could
be reassessed for any missed cancers by a different medical expert. This would work similar to
the double reading used in for example the UK, which has considerable benefits in detecting
additional cancers that would have otherwise been misfeatrick C Brennan et a2019; Ciatto

et al., 2005; Dinnes et al., 2001; R. Warren & Duffy, 1986) currently localizable

abnormalities are found, the woman could be invited for more frequent screening, as a high gist
score indicates increased risk of developing cancer in the near future (priors). This would be
analogous to the way women with ¢am genetic markers increasing the risk of developing
breast cancer are currently prioritized for more frequent screerffPrgithi et d., 2010) except

that it would be applicable to the entire population without requiring costly genotyping.
However, if a gist of abnormality risk rating were to be implemented in practice, every effort
should be made to optimize the process. The resfithm this thesis form the basis for several
suggestions for such optimizations to be considered, and recommendations for future research

into potential further avenues of improvement.

Firstly, the findings from chapter 2 suggest that 500 ms viewing fiitft@ved by a gist rating is
sufficient for a medical expert to extract the gist of medical abnormalingd even in the

unlimited viewing condition, the average time a radiologist spent on a case was orl{.8.5

(95% CI) seconds. While further resdacould investigate any differences in mental effort,

fatigue, or other mental effects of rapid versus unlimited viewing time to ensure the burden on
medical experts is minimised, these findings support the idea that gist scoring of mammograms
could be aime-efficient method. This considerable speed might even allow gist scores to be
collected from multiple radiologists and aggregated into one risk factor, that could help prioritize

at-risk women for more frequent screening.

Secondly, the results from chiggp 3 suggest that the gist signal in mammograms at risk of future
cancers (priors) can be enhanced by removing spatial frequencies below 0.5 cpd and increasing
the brightness of the remaining highequency signals. Since this image enhancement did not
affect overall performance, and significantly boosted detection of future risk, it would greatly
increase the usefulness of gist risk factor scoring. Of course, future research could further

enhance this effect by finuning and optimizing the spatial fregucy filters to be used, for
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example bandstop filters which can be used to remove smaller bands of frequencies between

two cut-off points. Additionally, programs used to view mammograms often allow radiologists to

modify brightness and contraglPisano et al., 2005Previous research has proposed various

algorithms for contrast enhancemeflenifer, Parasuraman, & Kadirvelu, 2016; Tripathy &

Swarnkar, 202Q0however, these methods are often ordyaluated based on computed

LINRLISNIASE 6Se3ad O2y (NI ald AYLINROSYSYyld AYRSEUV NI (K¢
more, differences in the neural signature of gist extraction suggest that there are differences in

the representation of the gist ahedical abnormality even after years of perceptual exposure. It

is possible that individual differences also influence the effectiveness of image enhancements,

especially as for example contrast sensitivity differs is known to differ between individuals

(Owsley, Sekuler, & Siemsen, 1983; D. Peterzell, Werner, & Kaplan, 1991; D. H. Peterzell, Werner,

& Kaplan, 1995)Thus, future research might want to explore the effects of combining spatial

frequency filters with other types of image enhancements, such as contrast enhancement or

brightness increases, in order to find the combigayf G KIF G Y2aid AYyONBIF &dSa& NI RA2f

performance, while keeping an eye out for potential individual differences.

Thirdly, by showing that neaxperts can be trained on the gist of medical abnormality, this thesis
opens the door to considerations of develog further training to improve the accuracy of gist
extraction in medical experts. Indeed, an interesting question is whether perceptual training can
further boost the ability of radiologists to extract the gist of abnormaligithough it is possible
radiologists are already performing near the peak of their ability. Alternatively, it might not be
time efficient to perceptually train radiologists to increase their getformance andise them

for gist screening. With perceptual training it might be pblesto outsource the gist scoring of
mammograms to perceptually trained, rather than medically trained individuals. Radiographers,
also known asadiologic technologistshave some prexisting perceptual experience with
mammograms as they are responsilide taking the xay images. This might make them better
primed to learn to detect the gist of abnormality than general population observers. Indeed,
radiographers are able to accurately detect cancer in screening mammograms or function as a
second readeto a consultant radiologist, after a short accredited training co(¥&n cn

Biggelaar, Nelemans, & Flobbe, 2008; Wivell, Denton, Eve, Inglis, & HarveyjIRGDting the
ability of radiographers to quickly pick up perceptual signals in mammograms. Thus, to increase
the feasibility of a gist screening program researsharould consider developing a gist training
program for radiographers. In developing training paradigms, researchers should remain aware
of potential individual differences. These individual differences might affect the speed of learning

or even the levebdf performance someone is able to reach.
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Lastly, while this thesis focused on the gist of abnormality in mammograms, it should not be

taken to mean that these findings only apply to this image modality. The gist of abnormality has
been reported in variousther medical imaging modalities, underlining that this is a general
perceptual ability, not a special property of mammograms. Gist of abnormality has been reported

in digital breast tomosynthes{€. C. Wu et al., 201,3hest radiograph&Carmody et al., 1981,

Kundel & Nodine, 1975%kin pathologyBrunyé et al., 2021; DiGirolamo et al., 2028)d even

pap test images (micrographaj cervical cell§Evans, GeorgiaBmith, et al., 2013While the

specifics of for example the spatial frequency filters that enhaneagiht signal in each medical

modality mightvagd > (G KS 3ISySNIf WwW3IAadQ 2F GKS FAYRAy3Ia

modalities

6.6. Conclusion

In conclusion, this thesis adds to the body of work showing that gist extraction takes place
through rapid extraction of global visual information, as it occurs even when no local
abnormalities are present in the mammogram. It was also shown that, in addition to occurring
rapidly, gist information remains available for guiding perception even whehefr selective

local processing becomes available. Furthermore, this thesis highlights the importance of higher
spatial frequency information for the gist of medical abnormality. It also provides the first
evidence for perceptual learning of the gistaohew category, showing that some observers can
learn the gist of abnormality by receiving global feedback, although the learning is poorly
retained and influenced by individual differenc@$e neural signature of extracting the gist of
medical abnormalyt indicates the use of a distributed network of cortical regions, with potential
individual differences in how gist categories are represeniée findingof this thesisalso have
important implications for medical image processing, as they provide teaysost the gist of
medical abnormality in mammograms through spatial filtering, as well as a first indication for the
possibility of a perceptual training paradigm, which could be used to boost the extraction of the
gist of medical abnormality in residesnor radiographers. Together, the findings of this thesis
inform ways that the gist of medical abnormality could be utilized as a risk factor in the medical

toolbox, as well as providing further insight into gist extraction in general.
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ThesisAbbreviatons

AIC: Akaike Information Criterion
AUC: Area under the curve

BF: Bayes factor
CCQaniocaudal

CPDCycles per degree
DNN:Deep neural network

EEG: Electroencephalogram
ERP: Event related potential
HSF: iyh spatial frequencies
LOClateral occipital complex
LSF: aw spatial frequencies
MEG:Magnetoencephalography
MLO:Mediolateral oblique
OPAoccipital place area
PPAparahippocampal place area
RHTReverse hierarchy theory
ROC: Receiver operator curve

RSCretrosplenial cortex

RSVPRapid serial visual presentation

SBC: Single breast classifier

SBC+HM: Single breast classifier plus heatmap
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