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Visual

« need to move our eyes
« different types of eye movements sea I‘Ch
+ saccades and fixations

eye movements

Visual attention
~ only attend to image areas that are directly examined by the fovea

Image demands

Cogpitive plans
L1 - overt and covert cues

for looking

What you see is not just
determined by information in the image




Visual inspectic

Visual search

You can miss the most obvious
- - Imaging interpretation

CAD aids vision
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Medical Imaging

« Errors occur in every human visual inspection
task

+ Errorless performance — a myth?

« Rare targets (e.g. in medical screehing) make
performance worse
« Factors: ...vigilance, time of day effects, time on = One year later entgen picture’ first used in a malpractice case
task, exp ce, expertise, traifiing. ..
SR | ng

[T

Research in Imaging Interpretation
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Ergonomics | Human Factors ' 1

* Patient centred
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[
o dete, seven of the roup recaled have been
Identfied as having a dagnoss of breastcancer




Research in Imaging Interpretation

Research in Imaging Interpretation R
Performance Performance Perfor
+ 1940s / 1950s: Chest X-ray (film) — overlaying structures, single lesions + 1940s / 1950s: Chest X-ray (film) — overlaying structures, single lesions 1940s
— 10-30s interpretation — 10-30s interpretation -
— Continuing to the present day; main impact in 1970s-80s « Late 1980s: Breast screening (film) — rare cancer appearance . Lat
~ Very fast interpretation 10s or more — Very fast interpretation 10s or more
B Main findings: Main findings Main findings
! erts look at high probability areas of abnormality Relationship of key mammographic features to clinical ou Use of 1 radiologist + C performance of 2 radiologis
Where radiologists look is affected by prior clinical information k at high probability af of abnormality CAD developments have led to fe
' per ake fewer e movements with longer eye fi ements with longe
‘ Satisfaction of search

What s e

Research in Imagin Research in Imaging Interpretation
Performance
+  1940s / 1950s: Chest X-r
— 10-30s interpretation
+ Late 1980s: Breast scr|

Main findings
Ongoing research area

maging interpretatio
More compl perimental s
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's and then for potential related lesions

e, trainee and

Find the abnorma

y

Where's Wally?

Even with very detailed knowledge of the target it can still be har

d toffind
Overlaying structures

Camouflage

Other features competing for attention




Recording visual search
Wide variety of methods to
record visual search
behaviour

Visual Search

Visual Search

Search in Breast Screening

Search in

Breast Screening

Visual search in CT/MRI

Naive Experienced

Visual search behaviour

The image

affects how you ook

Uncluttered image

Dense image

.

Expertise affects how you look

High probability areas first
long saccades




The task affects how you look

Foreknowledge directs search: the same observer but given

different instructions The time course of viewing an image

Detecting rare targets in images Get ready

-who has a gun??

bbreast cancer

Measuring Performance in Measuring Performance in
Radiology Radiology
= Kundel & Nodine (1970s)
+ Sensitivity and specificity / * Built on psychological models
! + Emphasised visual inspection
Various ROC analysis techniques:- ] + Importance of eye tracking research

~ Multiple readers Recently revisited and extended (Mello Thoms, 2009)

~ Multiple potential targets

~ Decision confidence
+ ROC - typically single target present/absent
* LROC - both target and location have to be correct

Of practical utility
Separation of errors into those due to search, detection and
interpretation

+ Mathematical approach - Ideal observer
Health informatics - ontological descriptions.

+ Image analysis techniques — potential non-verbalisable feature
approaches
« e.g. SIFT (Scale Invariant Feature Transform) algorithm

bbreast cancer




FN (miss) errors FN (miss) errors
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Correct detection

FN (Miss) errors . ) .
Visual search V|Sua| |n3peCtI
Can tease out whether someone:-

PERFORMSY

+ has not looked at key features — search training poef CRivawnin 1y Mavwraguaphis Somesig

+ Every year a difficult case set is circulated around the UK

« In 2009/2010 almost 600 screeners read the same set of
challenging recent screening cases

Imaging interpretation

CAD aids vision

Data analysed in terms of:

1. An individual's decisi a pared to all their peers
(. If this woman presented anywhere in the UK would she be treated in the same way)

2. An individual’s agreement with known case pathology
(.e. did they detect cancer)

breast cancer
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Breast Screening: Examples of
typical error profiles

bilafiCannaraicoiractiGidantifiad Overall Features Identification

Can therefore identify whether an

individual has:

1. not detected key features
indicating abnormality

Y
Overall: AT\
~ 85% of cancer cases correctly identified J
e SoRotcancer orectly identified | /| Diffioult case set

or

2. detected features but then ot
interpreted that information
correctly

~ leads to different revision training
needs

N AT atAEat

e out reasons for errors by
examining what features were reported

PERFOENES

Expert Decisions

CAD ais viso

bbreast cancer

How does the radiologist examine images?

.. cAD ]‘

+ How best can image processing help the radiologist?

[/ image => [E::m{::géo =>[ decision

« Eye tracking shows how exactly they examine images ] @ -Fraion + CAD algorithms — minimal faise positive dstections

abnormality [

Correct detection
X - Decision

+ Mammography CAD systgms a few years ago — many




Intelligent computer application CAD Proposed approach
computer aided detection (CAD) & || Radiologist

computer aided diagnosis (CADX). (e e . E;:%imsw e | Image |:> E> Decision
: —_— Wi prompts
on

[can

- CAD-FP errors
Can get several false positive prompts per
i

- Examine images —
Image ¢ Examine @ with CAD prompts Decision
roposed technique

Examine images
with CADAvisual
search prompts

CAD identified AOls Visual serach identified AOls

Combined AQOls

Conclusions
« Visualisation and perception vitally important in
interpreting medical imagery
« Errors will always occur in radiological interpretation

* Need to minimise these

+ Appreciating what causes errors gives us ways to

Thank you

e performa e com




