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Summary

Perceptual experts have learned to rapidly and accurately perceive the structural
regularities that define categories and identities within a domain. They extract
important features and their relations more efficiently than novices. We used fin-
gerprint examination to investigate expert-novice differences in feature choice. On
each fingerprint within our set, experts and novices selected one feature they
thought was most useful for distinguishing a particular print and one feature they
thought was least useful. We found that experts and novices often differed in the
features they chose, and experts tended to agree more with each other. However,
any such expert-novice difference appeared to depend on the image at hand typi-
cally emerging when salient or more conspicuous features of a fingerprint were
unclear. We suggest that perceptual training ought to direct attention to useful fea-

tures with the understanding that what is useful may change depending on the clar-

ity of the stimuli.
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1 | INTRODUCTION

Our ability to discriminate between people and between objects in
our visual environment is crucial to our everyday functioning. We
become more attuned to the features that distinguish increasingly
specific classes or “domains” of stimuli with experience and extended
practice (Tanaka, Curran, & Sheinberg, 2005). This kind of perceptual
learning is the reason experts can make quick and accurate decisions
in their domain (Kellman & Garrigan, 2009). Expert performance in
chess (Chase & Simon, 1973), directing air traffic (Seamster, Redding,
Cannon, Ryder, & Purcell, 1993), examining X-rays (e.g. Sowden,
Davies, & Roling, 2000) or matching fingerprints (Tangen, Thomp-
son, & McCarthy, 2011) relies on finely tuned perceptual discrimina-
tion of important features. To perform well in domains like these,
experts must identify features that co-occur regularly with different
response options to determine the most appropriate decision or
course of action (Roads, Mozer, & Busey, 2016). That is, they must
effectively select features that enable them to distinguish one cate-

gory or identity from another. The present study aims to examine

feature selection, fingerprints, forensic science, perceptual expertise, visual expertise

whether experts differ from novices in the features they consider to
be most and least useful.

The domain of forensic fingerprint examination is ideal for investi-
gating how experience shapes our perception naturally, because fin-
gerprints are a novel class of stimuli to most people, except
fingerprint examiners. Contrary to popular television crime shows, fin-
gerprint examination - the process of matching or comparing a crime
scene fingerprint (“latent”) to a suspect fingerprint and deciding if they
belong to the same finger or not - is carried out by a human examiner,
not a computer algorithm. With their years of experience, these exam-
iners have become highly familiar with the features of fingerprints
that are most regular across impressions of the same finger and most
informative for the task of distinguishing people (Searston &
Tangen, 2017b; Thompson, Tangen, & Searston, 2014). Like other
domains, expertise in fingerprint comparison likely depends on per-
ceptual learning processes that lead to the discovery of important fea-
tures and their relations. However, relatively little is known about
how examiners choose features when examining fingerprints. From an

applied perspective, insights about expert-novice differences in
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fingerprint feature selection could help to identify perceptual pro-
cesses that can be trained or selected for more efficiently. From a the-
oretical perspective, a comparison of expert fingerprint examiners and
novices can serve as a rich ecological case study of how the percep-
tion of the relative usefulness of features may change with extensive
experience.

In recent decades, the reliability and validity of many forensic sci-
ence techniques, including fingerprint comparison, has come under
scrutiny, most notably from the National Research Council (2009), the
PCAST (2016) report and the American Association for the Advance-
ment of Science (2017), but also from several other sources
(Cole, 2006, 2008; Haber & Haber, 2008; Mnookin, 2008; Saks, 2010;
Saks & Koehler, 2008). Indeed, experiments have shown that finger-
print examiners are fallible; they make mistakes and are influenced by
extraneous information (Busey & Dror, 2011; Busey & Loftus, 2007,
Dror, 2017; Dror & Cole, 2010; Dror, Kukucka, Kassin, & Zapf, 2018;
Edmond, Tangen, Searston, & Dror, 2014). But issues surrounding the
validity of fingerprint examination and other forensic sciences are not
the focus of the present paper. Our focus is on the performance of
fingerprint examiners relative to novices rather than absolute
performance.

Although fingerprint examiners make errors, they are far more
accurate than novices in determining whether two prints were left by
the same finger (Tangen et al., 2011). In particular, they demonstrate
superior “non-analytic” skills in making accurate judgments about fin-
gerprints quickly and with limited information. For example, they can
accurately determine whether two prints match after only viewing
them for a fraction of a second, or embedded in visual noise
(Thompson & Tangen, 2014). More remarkably, after observing four
fingerprints from one hand, fingerprint examiners can discern above
chance whether a fifth print belongs to the same hand (Searston &
Tangen, 2017a). Less research has been devoted to understanding the
more analytic capabilities of these experts and their meticulous atten-
tion to the detailed features within fingerprints. Filling this gap in our
understanding of their expertise is crucial given the prevailing method
for comparing fingerprints has been the ACE-V (analysis, comparison,
evaluation, verification) method, which involves a slow and delibera-
tive process of comparing features (Ashbaugh, 1999) and could be
described as highly “analytic” in nature. On peering over the shoulder
of an examiner while they work, for instance, it is common to see
them physically markup “minutiae” on a crime scene or “latent” finger-
print as points of comparison for sifting through features in the sus-
pect or “rolled” fingerprint (Ulery, Hicklin, Roberts, & Buscaglia, 2016).
These in situ observations of fingerprint examiners' comparison pro-
cess suggest that the “minutiae” or finer features of fingerprints are
critical to the decisions that examiners routinely make.

To determine whether two fingerprints “match” or belong to the
same finger, examiners select features they perceive to provide suffi-
cient information for making a decision. However, examiners are
sometimes inconsistent in whether they think two prints match if
asked at different time points (Dror & Rosenthal, 2008), and there is
considerable variability in the way different examiners markup fea-

tures in fingerprints from one occasion to the next (Dror et al., 2011;

Neumann et al., 2007; Ulery, Hicklin, Roberts, & Buscaglia, 2014;
Ulery et al., 2016). On the same print, some examiners choose to
markup only a few points for comparison, while others decide to
markup many. The annotations of experts not only differ substantially
in minutia count but also in the particular features that are selected
(Ulery et al., 2014). Examiners are also more likely to make a decision
(rather than an inconclusive judgment) the more features they markup
(Ulery et al., 2014). Disagreement among expert fingerprint examiners
about the way features ought to be interpreted may be problematic in
courts when evaluating evidence. However, there is little evidence
that discrepancies in print annotation necessarily cause examiners to
be more or less accurate in their discrimination of prints. For instance,
it is unclear whether differences in feature markings reflect how
examiners see and interpret data or simply how they choose to docu-
ment their interpretations. Clear and complete fingerprints would
seem easier to compare than noisy or distorted prints and therefore
provide a greater number of features to identify and markup.

Evidence that examiners are inconsistent in their choice of fea-
tures when initially analyzing a print also says little about their ability
to match prints accurately relative to novices (Tangen et al., 2011).
Moreover, inconsistency in the way examiners markup fingerprints
provides little insight into their expertise without a novice compari-
son. Relative to what or to whom are these experts inconsistent? To
our knowledge, fingerprint examiners have not been compared to any
control group on such feature selection tasks. In the current study, we
are therefore primarily interested in understanding how expert exam-
iners differ from novices in their choice of features and the variability
in their choices.

Looking to other domains, eye-tracking studies suggest that those
with training and experience attend to different features or objects
than those without. Experienced radiologists, for instance, spend more
time fixating on task-relevant or diagnostic regions relative to non-
diagnostic regions and are also quicker to fixate on these critical
regions relative to novices (Drew et al, 2013; Krupinski, 1996;
Krupinski, Graham, & Weinstein, 2013). Chess experts are far quicker
to fixate on relevant parts of the chess board (i.e., the regions associ-
ated with the best move) when compared to novices chess players
(Sheridan & Reingold, 2014). The search patterns of fingerprint exam-
iners when looking at prints are also far more constrained than those
of novices (Roads et al., 2016), typically paying attention to the core
(the center of a fingerprint that forms different pattern types) and the
delta (a Y-shaped point in a fingerprint where ridges meet) regions
(Busey, Nikolov, Yu, Emerick, & Vanderkolk, 2017). Although eye gaze
does not necessarily correlate with attention and perception, these
studies provide evidence that training and experience can be associ-
ated with a greater focus on features understood to be important in
accomplishing the task at hand.

Self-report and behavioral measures tell a similar story. Medical
diagnosticians have superior memory for X-rays containing abnormali-
ties than X-rays that do not (Myles-Worsley, Johnston, &
Simons, 1988). Professional footballers are more sensitive to meaning-
ful, game-relevant changes in football scenes relative to novices, but
not scenes that are unrelated to football (Werner & Thies, 2000).
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When matching faces, trained forensic face examiners - who are
demonstrably better than the general population at matching unfamil-
iar faces - consider more diagnostic features like the ears, eyes, nose
and scars more useful than novices do (Towler, White, &
Kemp, 2017). The matching performance of expert fingerprint exam-
iners also drops substantially when more diagnostic areas of the fin-
gerprint are removed (Busey et al., 2017).

The totality of these findings suggests that expertise in many per-
ceptual domains hinges on an ability to distinguish signal from noise
(Kellman & Garrigan, 2009). Some features are more fleeting, coming
and going as circumstances change. Others are more “sticky”; they
can be reliably used to distinguish one category from another. An
expert has learned to appreciate these subtleties, becoming more sen-
sitive to the appearance or manifestation of particular features that
will provide them with the most useful information, and those they
ought to ignore. Moreover, experts ought to converge on these per-
ceptions, because training on the same class of stimuli should calibrate
these sensitivities similarly toward the most useful features. If experts
differ from novices in which features they deem useful and experts
independently converge on a small number of these features, then
one clear motivation for future training would be to learn what infor-
mation is useful and what is not.

An appreciation for what is useful when categorizing natural
objects relies heavily on instantiated features (Brooks &
Hannah, 2006). Many of us, for example, may describe a bird as a
creature that sings and has wings and feathers. However, using solely
these descriptors can lead to many errors of classification. To take
Brooks' (2005) example, we may incorrectly classify an opera singer
with a feather boa on an airplane as a “bird” based on those verbal
descriptors. Explicit rules can serve to name objects of perceptual
learning and provide instructions, but they do not provide sufficient
conditions for identification. For example, a wing of one species of
bird can appear very different depending on whether the bird is sitting
quietly, flying or fighting with a conspecific, and also its sex or stage
of development. Familiarity with different instantiations of a feature
influences categorization more so than verbalisable rules (Brooks &
Hannah, 2006). Perceptual expertise often hinges on an appreciation
for what instantiated features can be most readily used to discrimi-
nate between a category object or identity.

Extending this notion to fingerprint examination, a delta may be a
useful landmark when analyzing fingerprints. Knowing this rule of
thumb may help guide beginners early in training, but this feature -
which is easy to spot and describe - would be insufficient for dis-
tinguishing prints from one another. Instead, the specific appearance
or manifestation of the delta, and how deltas tend to vary between
individuals or within fingerprints from the same individual, is critical
for perceptual expertise (Kramer, Young, & Burton, 2018). The signifi-
cance of a delta, for instance, can vary depending on the nature of the
impression. There are sometimes multiple deltas on a print, and some-
times none at all. One may have light, curving edges, whereas another
may appear more jagged and twisted. Features may also be smudged
so significantly that they are no longer helpful for distinguishing a par-

ticular fingerprint from other prints. Yet, because of their exposure to

the way features tend to appear across thousands of fingerprints,
experts are implicitly aware of these nuances. Novices less so.

A richer understanding of how expert fingerprint examiners and
novices differ in their selection of features and their variants could
yield promising insights about their expertise and how to train it. But
our goal is not to generate a list of features that are generally useful
or those that are not. Instead, knowing what experts consider most
useful and least useful, whether they independently converge on a
small number of features, how they compare to novices, and how this
all may change depending on the print, provides an insight into their
expertise and could inform recruitment and perceptual training in the
future. Rather than learning a bank of verbalisable features, it may be
more beneficial to efficiently localize and compare important features
with an implicit understanding that their usefulness may change
depending on the appearance of a print. In fact, work of this kind is
already underway with training modules focused on attentional
highlighting (Roads et al., 2016).

In the present study, we use a feature annotation paradigm to
explore whether novices and experts differ in the features they con-
sider to be most and least useful, and whether experts are more likely
to converge on the features they select. We compare the degree to
which experts differ from one another, and from novices, in their
choice of features by comparing the coordinates of those features
within each print. Unlike previous studies of this kind, we are inter-
ested only in the features that individuals consider most useful and
least useful, and not the number of features they believe to be neces-
sary for making a comparison. Experts may disagree on exactly how
many features require further inspection when comparing two prints,
and about which features are necessary to make such a judgment, but
they could still agree with each other more than novices about which
features are most and least useful. We predict that the points experts
choose to be most useful will differ significantly in location from the
points novices choose to be most useful (Prediction 1) and that the
points experts choose to be most useful will have less dispersion than
those chosen by novices (Prediction 2). Similarly, we predict that the
points experts choose to be least useful will differ significantly in loca-
tion to the points novices choose to be least useful (Prediction 3) and
that the least useful points chosen by experts will show less disper-

sion than those chosen by novices (Prediction 4).

2 | METHOD

21 | Participants

A total of 30 novices (16 females, Mage = 30.5, SD = 10.2) with no
prior fingerprint experience, and 30 experts (11 females, M,ge = 42.7,
SD = 5.8) with an average of 11.0 years of experience (SD = 7.2) par-
ticipated in the current study. Novices were recruited primarily from
The University of Queensland community and from the broader Bris-
bane region. Experts were primarily recruited at the Queensland
Police Service Fingerprint Bureau but also from the New South Wales

Police Force and from the Australia Federal Police. On completing
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their annotations, the data from each participant were converted into
digital form through LiveCode Community 9.0.0, which then output a
single plain text file for each participant. The de-identified data for
this experiment are available in the “Materials and Experiment”
section of this experiment's Open Science Framework pre-registration
(https://osf.io/rxe25/).

2.2 | Materials

A set of 100 fingerprint images were obtained from a ground truth data-
base that we developed. We selected 50 “rolled” fingerprints and
50 latent fingerprints, including 10 impressions from each finger type
(e.g., left thumb, right middle) from the database. No two fingerprints
were from the same source. Each fingerprint image was cropped to a
square such that the entire image was filled with ridge detail. This
preprocessing step ensured that participants did not mark points on the
image outside the fingerprint (further detail can be found in this pre-reg-
istration: https://osf.io/gqc9a/). The images were shuffled in six differ-
ent randomized sequences using the Page Shuffle application (version
10.1; Miln, 2018). The fingerprint images were presented individually on
white A4 paper (80 gsm), bound together in a booklet. Participants were
also given a red and green pencil to the draw on the images.

2.3 | Procedure and design

Each of the experts and novices were given a booklet containing the
same 100 fingerprints (one per page). They were asked to pencil one
small green circle at the center of an area or feature they thought was
most useful for distinguishing that fingerprint from other fingerprints
and one small red circle at the center of an area or feature they thought
was least useful for distinguishing that fingerprint from other finger-
prints. We also gave participants examples to clarify what we wanted
from them. For example, if asked what one might select when trying to
distinguish an ibis from other birds, they may see its long slender beak.
We also included an example print that had been marked with a green
and red dot to demonstrate the size we expected the circles to be. The
full instructions can be found on the OSF preregistration (https://osf.
io/gqc9a/). It may be that when comparing two prints side-by-side, fin-
gerprint examiners perceive different features to be useful on a case by
case basis depending on the prints at hand. However, here we are inter-
ested in the features that participants consider generally useful in the

absence of any single comparison print.

2.4 | Data analysis

To gather the coordinates of all the most useful and least useful points
for all the images across every participant, we overlaid a 50 x 50 trans-
parent grid over each image. We entered the locations of the points
manually into our LiveCode program. When a circle spanned several

grid squares, we used the square that was covered the most or the one

closest to the circle's center. Given that we obtained both an x and
y coordinate for each point, the data we gathered were multivariate. It
was also distributed non-normally, because the points were sometimes
dispersed across several regions of an image rather than evenly around
a central mean. Therefore, to test for differences between experts and
novices in the points they chose, we decided to use a permutational
multivariate analysis of variance (PERMANOVA; Anderson, 2005). PER-
MANOVA is a non-parametric test that calculates a Fisher's F-statistic
on the basis of permutations - where the data are shuffled and res-
ampled many times - and Euclidean distances between points instead
of the differences between two normal distributions. This test mirrors
the classic ANOVA in many ways but allows for more rigorous and
meaningful analysis of high-dimensional systems, even ones distributed
non-normally. PERMANOVA can discern if the centroid of the points
chosen by experts differs significantly from the centroid of the points
chosen by novices. That is, the analysis will indicate whether the loca-
tions of the expert points differ in location from the novice points.

In addition to testing for differences in location, we also assessed
the dispersion (or agreement) of each group's points using a non-
parametric test for homogeneity of multivariate dispersions
(PERMDISP; Anderson, 2004) that also calculates significance via per-
mutations. We then determined the direction of any group difference
by observing the mean dispersion of each group around a centroid.
These analyses were conducted for the most useful and least useful
points as chosen by each group for every image in our set. All of the
data analysis can be found in the “Analysis” section of the OSF pre-
registration (https://osf.io/w2tsa/).

3 | RESULTS

Before discussing results, we will first provide an illustration of the rela-
tively unconventional analyses that we used. Although we provide only
a few illustrative examples of the analyses here, the full data analysis
workflow and data visualization for each print is available on the Open
Science Framework (https://osf.io/w2tsa/). Figure 1 presents example
spatial representations of the points that experts and novices chose as
most useful. The heatmaps detail the choices of experts and novices
overlaid onto their respective prints. The plots beside them represent
the same points and their group centroids, as well as the dispersion of
each group's points around the centroid. The top row of plots depicts
an instance where the permutational analysis of variance
(PERMANOVA) and permutational test for dispersions (PERMDISP)
were both significant - where expert points differed in location and dis-
persion from the novice points. The bottom row depicts a case where
the groups differed neither in location nor dispersion.

For every image in our set, we conducted a permutational analysis
of variance and permutational test of dispersions like those presented
in Figure 1 to compare experts to novices in the points they chose as
most useful and least useful. We then computed the percentage of
fingerprints where the groups differed significantly and generated a
distribution of the F values obtained from running the analyses on

each print. Figure 2 displays the distribution of these F values in
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FIGURE 1 A visualization of group differences in their choice of the most useful feature. (a) shows an example image where the choices of
experts and novices differed in location on the print displayed and where expert points were more tightly clustered. (b) illustrates a case where
experts and novices differed neither in location nor dispersion. The fingerprints on the left include heat maps of the points chosen by each group.
The plots on the right spatially display the centroid and variances (1 SD ellipse) of each group around the respective group centroid [Colour figure

can be viewed at wileyonlinelibrary.com]

ascending order across of the four types of analysis: differences in
location and differences in dispersion for the most useful points and
least useful points. For clarity, the fingerprints where we found less

dispersion among novice points were coded negatively.

3.1 | Most useful points

One-way permutational analyses of variance revealed that the locations
of the most useful points that experts chose differed significantly from
the points that novices chose on 51% of images. One-way permuta-

tional tests of dispersion revealed that the distributions of each group's

points differed significantly on 48% of the fingerprints. The dispersion
of the expert points was lower than the novice points on 47 of the
48 images where differences were found. Figure 1 depicts two example
cases to illustrate the variability of results. It shows an example case,
where expert and novice points differed in location and dispersion and
another case where the groups differed in neither.

3.2 | Least useful points

One-way permutational analyses of variance revealed that the locations

of the least useful points that experts chose differed significantly from
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FIGURE 2 An overview of all analyses across the set of fingerprints. The distributions for the useful points are displayed on the left and

unuseful points on the right. On top, the Fisher's F-values from the permutational multivariate analyses of variance (PERMANOVA) between experts
and novices across the set of prints are displayed in ascending order. Significant F values are coded in gold and non-significant F values in gray. The
dashed line indicates the threshold for significance. The plots on the bottom display the average distance of each group's points from their centroid,
organized in ascending order according to F values from the permutational tests of homogeneity of multivariate dispersions (PERMDISP). Blue points
denote instances where experts showed less dispersion whereas points in green signify when novices showed less dispersion, which are also coded
negatively. The dashed lines represent thresholds for significance; cases where novices show more agreement fall below the bottom line, cases with

more expert agreement fall above the top line and cases where groups did not differ fall between the dashed lines [Colour figure can be viewed at

wileyonlinelibrary.com]

the points that novices chose on 46% of the images. One-way permuta-
tional tests of dispersion revealed that the distributions of each group's
points differed significantly on 22% of fingerprints and that the disper-
sion of the expert points was lower than the novice points on 16 of the
22 images where differences were found. In Figure 3, we provide a
visualization of the data. Depicted below is an example print where
expert and novice least useful points differed in location, and where
expert points were less dispersed. We also show an example print

where the groups differed in neither dispersion nor location.

3.3 | Exploratory analyses

3.3.1 | Aggregating across groups

In addition to the planned analyses above, we conducted exploratory

analyses to determine whether there were differences in location

and dispersion between the most useful and least useful points,
regardless of which group chose them. One-way permutational ana-
lyses of variance revealed that the locations of the most useful
points differed significantly from the least useful points on 88% of
the images. That is, useful points were frequently located in differ-
ent regions to less useful points. One-way permutational tests for
dispersions revealed that the variances between the types of points
differed significantly on 87% of the images. The dispersion of the
more useful points was lower than less useful points in every case.
That is, the less useful points were never clustered more tightly than

the more useful points.

3.3.2 | Examiner commentary

We approached an expert fingerprint examiner who had not partici-

pated in the experiment to view each of the 100 expert and novice
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FIGURE 3 A visualization of group differences in unuseful feature choice. (a) shows an example fingerprint where the feature choices of
experts and novices differed in location, and where expert points were more tightly clustered. (b) illustrates a case where experts and novices
differed neither in location nor dispersion. The fingerprints on the left are overlaid with heat maps of the points chosen by each group. The plots
on the right spatially display the centroid and variances (1 SD ellipse) of each group around the respective group centroid [Colour figure can be

viewed at wileyonlinelibrary.com]

useful feature heat maps. For the prints where the groups differed,
both experts and novices often picked out the core and the delta.
However, the novice features were more often described as being

» o«

more “distributed “or “scattered” as well as “unclear,” “not distinctive”

or “non-selective.” Novices were also more likely to choose features

» o« » o« » o«

such as “creases,” “white lines,” “scars,” “spots” and “smudges.” These
features are either imperfections that occur when a fingerprint is laid,
impermanent folds in the skin, or features generally not classified as
ridge detail. The features in the expert heat maps were often

described as “ridge detail” that is “clear,” “distinct” or “visible,” and

were frequently given labels of small but distinct minutiae such as
“short ridges,” “lakes,” and “bifurcations.” After viewing each print, the
examiner retrospectively commented that novices were more variable
in their feature choices and the features themselves were “not neces-
sarily best as a target group for starting a comparison in terms of clar-
ity, ridge detail and being able to locate them quickly and easily” in
another print. He further added that they tended to opt for “smudges,
creases and other material that was not ridge detail.” Features chosen
by experts, on the other hand, were described as “clear and locatable”

ridge detail.
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4 | DISCUSSION

The aim of the present study was to investigate whether experts dif-
fer from novices in their choice of the most useful and least useful
features, using fingerprint examination as a test bed domain. We were
also interested in whether experts are more consistent in their feature
choices. The findings partially support our first prediction: the location
of the most useful features that experts chose differed significantly
from those chosen by novices on half of the images. These findings
suggest that experts and novices often consider different features
useful when making perceptual decisions in the domain of finger-
prints. A likely explanation for why these groups differed in their fea-
ture choices so frequently is that the considerable training examiners
have undertaken has equipped them with an appreciation for what
features will provide them with information capable of supporting a
decision. However, we collected data only from novice and expert
examiners, not trainees. One next step could be to investigate how
perceptions of usefulness change throughout training by examining
differences between trainees with varying levels of experience.

We also cannot be certain that the choices made by experts are
necessarily “better,” because we do not yet know what features aid or
impede one's ability to discriminate between prints, but such an inter-
pretation does converge with the broader literature on perceptual
expertise. For example, those with greater experience in domains like
chess and medicine selectively attend to the more diagnostic or rele-
vant features of stimuli from their domain of expertise
(Krupinski, 1996; Krupinski et al., 2013; Roads et al., 2016; Sheridan &
Reingold, 2014). Experts were considerably more consistent in their
feature choices than novices across the set. The features experts
chose were less dispersed than novices on about half of the prints,
while showing more dispersion on only a single print. Standardization
of training practices and feedback throughout training may explain
why choices are more consistent for experts than for novices as each
examiner gains a similar appreciation for what is useful.

Our third prediction was also partially supported: the features
experts chose as less useful differed significantly in location from
those that novices chose on almost half of the images. We also found
evidence to support our fourth prediction: experts were likely to agree
more on which features were least useful compared to novices but
only on a small number of the fingerprints. Further exploratory ana-
lyses showed that the most useful and least useful features selected
were consistently located in different regions of the fingerprint,
irrespective of who chose them, and the more useful features selected
consistently clustered closer together relative to less useful features.

An appreciation for what is more useful necessarily sensitizes
examiners to what is less useful. Years of marking up, analyzing and
comparing fingerprints possibly explains why experts see different
features as less useful compared to novices. But although experts
tended to agree more than novices in their choice of less useful fea-
tures, these differences seldom occurred. One possible reason for
why we did not find more consistent agreement among experts in
their selection of less useful features is that they tend to be located at

the edges of fingerprints, both in our experiment but also in others

(Busey et al., 2017; Roads et al., 2016). Moreover, anything not con-
sidered useful might be regarded as useless, so participants have more
to choose from when selecting the least useful feature. Less useful
features are therefore highly variable by their nature, and this large
variation can make group differences more difficult to detect.

Previous research has shown that experts can be inconsistent
with themselves and with other experts in the number of features
they choose for comparison (Dror et al., 2011; Neumann et al., 2007;
Ulery et al., 2014, 2016). Despite this inconsistency within experts,
our findings demonstrate that experts are more consistent than nov-
ices. That is, experts may disagree on exactly how many features are
needed to decide whether two prints match, but they agree on what
features are highly informative to a greater extent than novices. It
would seem that experience with fingerprints changes one's percep-
tion of the relative importance or usefulness of different features.

Of course, experts and novices did not always differ in their fea-
ture choices, nor in how widely their choices varied, and there are
several possible explanations for why we did not find expert-novice
differences more frequently. The first is that the methods we used to
analyze the data were fairly coarse. On many of the fingerprint
images, there may have been several features regarded as highly use-
ful and several regarded as less useful, but measured only variation in
Euclidean distance around each group's centroid. These analyses were
not well equipped to sufficiently detect expert-novice differences in
the presence of multiple clusters of highly useful or useless features.
Low sensitivity to detect multiple clusters of feature choices may in
part explain the lack of consistency in the findings. It could also be
that verbal descriptors may be a more appropriate measure of expert-
novice differences in feature choice. However, the features partici-
pants choose may not necessarily be verbalisable, nor does training to
search for and compare features hinge on an ability to label what
one sees.

Another explanation for why the groups differed inconsistently is
that experts rely heavily on prior experience to inform their decisions
and a deliberative feature selection task like ours may not reflect this
kind of intuitive expertise. Fingerprint examiners are indeed better
than novices at making fast and intuitive judgements based on a
whole set of features distributed across fingerprints, even without
corresponding details (Busey & Vanderkolk, 2005; Searston &
Tangen, 2017a; Thompson & Tangen, 2014). But the presence of such
non-analytic abilities does not preclude experts from having superior
analytic abilities too. Fingerprint examiners report relying on a meticu-
lous feature analytic process of comparison (Ashbaugh, 1999; Ulery
et al., 2014, 2016). Consistent with such accounts, our findings dem-
onstrate that experts do indeed appreciate different features to nov-
ices; and they are more consistent in the features they perceive to be
useful. Future research ought to investigate whether the features that
experts and novices subjectively regard as useful are in fact differen-
tially more helpful for discriminating fingerprints.

It may also be that experts and novices rely on very similar fea-
tures when making perceptual decisions. In our exploratory analyses,
we found far more robust differences in location and dispersion when

we compared the more useful and less useful points, aggregating
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across groups. In other words, the difference between the more useful
features and less useful features was far greater and more consistent
than any expert-novice difference. The features that are most salient
may often be the most useful. Two focal points on many fingerprints
are features known as “cores” and “deltas” (see fingerprint B in
Figure 1, where the core and delta are highlighted on the heatmap).
Much of the time, both groups may consider highly salient features

In

like the core and delta to be “useful” or characteristic of any individual
print, but experts may glean far more information from the same ridge
detail than novices. Indeed, eye-tracking research has demonstrated
that although experts are more constrained in where they look within
fingerprints, there is overlap in the areas that experts and novices
attend to (Roads et al., 2016). Future research could reveal the cogni-
tive processes underlying feature selection and attention, and how
these processes change with training; however, this latter explanation
may account for why experts and novices did not differ in their selec-
tion of features on many prints. In any case, inconsistency in group
differences suggests a moderating effect; some conditions may call
for greater expert knowledge whereas others may not.

We think a plausible moderator of expert-novice differences in
feature choice is feature clarity in light of the commentary provided
by the examiner we consulted. Clarity is an important determinant for
selecting fingerprint features (Ulery et al., 2014, 2016) and consis-
tency in feature choice among examiners is far higher in clear areas
than noisy areas (Ulery et al., 2016). Novices may focus on salient fea-
tures (like the core and delta), and these same salient features may
also be most informative to experts if they are clear and undistorted.
The visibility of features like the core or delta might make comparison
much easier: if the salient features do not match then no further
examination is required, so a comparison can be made quickly
(Kellman et al., 2014). In circumstances of high clarity, it would there-
fore be unsurprising to see little difference between each group's
choice in features but if features are degraded or distorted or even
entirely absent, the groups may then start to diverge in what they
attend to. Novices may persist in attending to features even if they
are not sufficiently clear to be useful when making a comparison, or
they may be tempted to choose features that have surface-level
saliency but are often unreliable, such as creases and smudges.
Experts, in the knowledge that they can only obtain useful information
from clear ridge detail, will go on to search in other clearer regions for
seemingly less obvious features such as lakes and bifurcations.

Further evidence for this explanation can be observed in Figure 1.
Whereas both groups consider the core and delta to be useful in the
clear, undistorted bottom fingerprint, their choices have little corre-
spondence in the top fingerprint. The core and delta of the top print
are heavily distorted, but novices have persisted in selecting them as
useful. Experts, by contrast, have shifted their attention to clearer
regions containing a collection of smaller features.

Prioritizing clarity may also explain inconsistent expert-novice dif-
ferences in their choice of less useful features. Experts may consider
highly obscured features of a fingerprint to be least useful. Novices
on the other hand may persevere with choosing clearer but less-

salient ridge detail. Indeed, in Figure 3 (top), experts have consistently

chosen a single highly distorted region in the top right corner of the
print, whereas novices have chosen several clearer regions around the
edge of the print. It is plausible then that skilled feature choice
becomes more noticeable only in more challenging circumstances -
when details are less clear and more ambiguous. Consistent with this
interpretation, Busey and Parada (2010) suggest on the basis of eye-
tracking research that fingerprint examiners possess an implicit under-
standing of what regions contain the most useful information but in
cases of high noise, examiners will inspect different regions to identify
informative features.

The recognition-primed decision (RPD) model (Klein, 2008) is a
theoretical framework that can shed further light on this latter inter-
pretation of when and why experts differ from novices in their choice
of features. The RPD model describes how people use a repertoire of
patterns that they have gained through considerable experience to
make decisions quickly and accurately (Klein, Calderwood, & Clinton-
Cirocco, 1986). These patterns signal relevant cues, provide expectan-
cies, and identify plausible goals. When people need to make a deci-
sion quickly, they match the situation to the patterns that they have
learned. If they find a clear match, they can then evaluate if the course
of action is viable by mentally simulating it and seeing if it plays out as
desired. If it does, then they can act accordingly. If not, they can shift
their attention to the next typical plan of action. Hierarchical option-
generation strategies like the RPD model have been used to describe
decision-making in domains such as fireground command (Klein
et al., 1986), chess (Klein, Wolf, Militello, & Zsambok, 1995) and sport
(Raab & Johnson, 2007). In the case of fingerprints, when examiners
come across a print, they will most likely attend to the core and the
delta. If these areas are smudged or blurred, they may no longer be
viable sources of information and experienced examiners know they
must find other features to attain the information they need. Con-
versely, novices have no implicit knowledge of the common features
in fingerprints, so their mental simulations are not rich enough to
encourage them to look elsewhere. Differences between experts and
novices in feature choice may therefore emerge only in ambiguous cir-
cumstances, as feature choice begins to align less and less with
saliency and more with feature clarity. An avenue for future research
is to investigate how clarity and distortion affect how experts and
novices choose and interpret features. Better understanding the role
of clarity and distortion could inform how novices are trained to dis-
criminate between categories and identities in perceptual domains like
fingerprint examination. A core component of acquiring expertise may
be an appreciation for the utility of different features and how utility
can vary from one impression or instantiation to the next.

Given adequate perceptual training, humans can excel at making
decisions in ambiguous situations. An ability to change what features
one attends to in more challenging situations may be why humans still
outperform computerized systems in many perceptual domains,
including fingerprint examination. Fingerprint examiners can make
accurate decisions even when prints are clouded in heavy noise
(Thompson & Tangen, 2014). For latent print comparisons, the capa-
bilities of computerized systems are yet to meet those of human

experts (Dror & Mnookin, 2010). Latent fingerprints, often collected
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at crime scenes for instance, are often partial, noisy, distorted,
smudged, and typically contain less information than fingerprints col-
lected under more controlled conditions. Stimulus features like these
make the task of comparing a latent fingerprint to a rolled fingerprint
significantly more complex (Kellman et al., 2014).

The present study provides insight into how experts and novices
select features to make discrimination judgements, in the context of
fingerprint examination. Using a simple paper and pencil experiment,
we asked experts and novices to mark features in fingerprints they
considered to be most and least useful for distinguishing the print.
We measured the extent to which they agreed on their feature
choices. Sometimes experts focused on different fingerprint features
to novices, but not always, and most of the time experts agreed
more than novices, but not always. We think the inconsistency in
expert-novice differences arises from the varied clarity of the fea-
tures across the set of fingerprints. Obscured and distorted features
may mean that useful information is more difficult to find, and
experts may excel more than novices when working under such con-
ditions. Future research could investigate the veracity of this
hypothesis, but it may be that flexibly shifting one's attention
depending on the information available is a critical skill that sets

experts apart from novices.
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