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How does CAD impact the number of human errors?

lasagna scold balance cricket profile smoking nothing closetts camera

wildest seeds train greed failure tracks oulet walking loser nasty laundry fever

eastern resort global roots tracker caught escaped probes steady beetle mention

posters abroad darkest chest

Click on the typos you see! Press space when finished.

lasagna scold balance cricket profile smoking nothing closetts camera

wildest seeds train greed failure tracks oulet walking loser nasty laundry fever

eastern resort global roots tracker caught escaped probes steady beetle mention

posters abroad darkest chest

Correct, there were 2 typos.

Typo Foraging Task

Touch screen
responses

100 trials/block,
0–7 typos/trial,
eye tracking,

n = 31
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Block 1:
Baseline

Block 2: CAD
High Accuracy

30 Errors

Block 2: CAD
Low Accuracy

90 Errors

CAD errors throughout block

False Alarm
High-Acc: 4
Low-Acc: 12

liner worse skill wealthy
mellow plains fleece
easiest glitter proved

Miss
High-Acc: 16
Low-Acc: 48

liner worse skill wealthy
melllow plains fleece
easiest glitter proved

False Alarm + Miss
High-Acc: 10
Low-Acc: 30

liner worse skill wealthy
melllow plains fleece
easiest glitter proved

How thoroughly are participants looking?

And for how long?
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How does CAD change search patterns?

Methods

Our performance in visual search tasks is imperfect—
we often miss clearly visible targets.

Computer-aided detection (CAD) tools are an
increasingly common means of directing our
attention to areas of interest.

How does CAD influence attention and
performance in a typo foraging task?
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Overall, CAD reduces the number of errors

Participants with the high-accuracy CAD do
better than those with the low-accuracy CAD

machine error trials only

high-accuracy CAD low-accuracy CAD

high-accuracy CAD low-accuracy CAD

During the CAD block:

Participants with the high-
accuracy CAD search for less
time than those with the low-
accuracy CAD.

They also get faster over time.

In general, participants spend
more time scanning trials with
annotations versus trials without.

Participants fixate fewer
words in the CAD relative to
baseline block

This drop is larger in the
high-accuracy versus low-
accuracy CAD condition.

CAD tools augment typo
detection, but this benefit is
not without attentional
consequences.

When a system seems reliable,
we detect typos in a faster, but
less thorough, manner.

Consequently, we more readily
overlook even blatant machine
errors, like false alarms.

Which factors lead to
individual differences in over-
reliance on automated tools?

How quickly does trust in
automation develop or
disappear, and can such
changes be reversed?

Can input data (e.g., mouse
movements) be used as a live
indicator of over-reliance?

When CAD is incorrect, participants in the low-
accuracy condition have lower error rates than
participants in the high-accuracy condition

Scanning patterns become significantly more random only for participants in the high-accuracy CAD condition
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Lorem ipsum dolor sit amet, consectetur adipiscing elit. Vivamus scelerisque
massa ac molestie porta. Ut metus arcu, ullamcorper ac sapien non, sollicitodin
blandit masssa. Donec nec ex placerat, fermentum nibh quis, efficitur purus.
Sed finibus varius mi. Class aptent taciti sociosqu ad litora torquent per
conubia nostra, per inceptos hienaeos. Pellentesque ex sapien, sodales at
maximus vitae, tincidunt id turpis. Morbi nisl lacus, vulputate ac turpis non,
ullamcorper lobortis est. Praesent in nulla feugiat, senper quam vel, commodo
sem. Fusce enim massa, efficitur eu nisi eu, tincidunt mattis quam.
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trials with annotations

trials without annotations

Takeaways What’s next?

cracker himself
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amuse fture

more words
fixated

fewer words
fixated

flight sighted
change plump
uproar notice
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