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Can early individual differences in performance predict later expertise in the applied domain of fingerprint identifi-
cation? We tracked 24 new trainees over the course of a year as they accumulated experience working in a fingerprint
unit. We tested their performance every three months on four measures of fingerprint expertise. Trainees signifi-
cantly improved on all four measures, with the majority of learning occurring within the first three months. When
we indexed trainees’ performance, by averaging across their percent correct scores on all four measures of exper-
tise, we found early indexed performance was significantly and positively related to their indexed performance
three, six, nine, and 12 months later. These findings provide a rich example of how perceptual expertise can emerge
within an applied domain, and evidence that early individual differences on a composite measure of performance
can be diagnostic of later expertise.

General  Audience  Summary
How does expertise develop in radiology, face recognition or fingerprint identification? Surprisingly few studies
have examined the development of expertise over a long period of time. We also know little about whether
some people are more cut out for these applied domains. We addressed this gap in the context of fingerprint
identification, by examining the performance of trainee examiners over their first 12 months of working in a
fingerprint unit. We tested trainee examiners on four established measures of fingerprint expertise every three
months in their workplace, and indexed their performance on each occasion by averaging across their percent
correct scores. We found that trainees’ accuracy on the fingerprint index (and on each measure separately)
improved considerably with just three months experience, but learning plateaued after this time. Trainees’ early
scores on the fingerprint index were also a reliable predictor of their indexed performance three, six, nine, and
12 months later—meaning that the top performers tended to remain at the top. These findings have implications
for theories of perceptual expertise because they provide compelling evidence that both experience and prior
individual differences can be diagnostic of performance in an applied perceptual domain. Within the context of
fingerprint identification, these findings demonstrate that training and experience in the domain—a benchmark
often used to make decisions about the admissibility of expert evidence in legal proceedings—contributes to
the development of fingerprint expertise. The development of evidence-based training methods and selection
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tools could be useful avenues for more efficiently cultivating expert examiners.
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THE EMERGENCE OF

People vary in their ability to recognise perceptual cat-
gories. Developmental prosopagnosics perform significantly
elow average at recognising faces (Kress & Daum, 2003) and
thers—termed super  recognisers—perform significantly above
verage across face memory and face matching tasks (Bobak,
ancock, & Bate, 2015; Russell, Duchaine, & Nakayama,
009). Other examples of expert-novice differences in percep-
ual domains abound (Tarr & Cheng, 2003). The prevailing
iew in cognitive psychology is that variation in performance
s largely a result of variation in the amount of deliberate
ractice an individual engages in (Charness, Tuffiash, Krampe,
eingold, & Vasyukova, 2005; Ericsson, 2007, 2014; Erics-

on, Krampe, & Tesch-Römer, 1993). Indeed, in perceptual
omains experience with identifying and discriminating bird
pecies (Tanaka, Curran, & Sheinberg, 2005), other-race faces
Bukach, Cottle, Ubiwa, & Miller, 2012), shapes (Garrigan &
ellman, 2008), and fictitious beasts (Gauthier & Tarr, 1997;
ong, Palmeri, & Gauthier, 2009), has been shown to facili-

ate learning and the development of expertise. While deliberate
ractice is undoubtedly important, commentators have called for
esearch examining whether effects of expertise observed across

 wide range of domains could also be underpinned by prior
ndividual differences (e.g., Macnamara, Hambrick, & Oswald,
014). We test this hypothesis in the perceptual domain of fin-
erprint identification, by examining whether prior individual
ifferences in performance on a composite measure of finger-
rint expertise can predict performance on that same measure
ver a 12-month period of working in a fingerprint unit.

issecting  Existing  Expertise

A common approach to assessing individual differences in
erceptual expertise has been to retrospectively examine the
elationship between domain-specific measures of performance
nd measures of more general abilities, such as IQ and visual
emory. Other studies have made use of retrospective twin

esigns to determine whether there is a genetic component to
xpertise. In face recognition, there is evidence of a higher cor-
elation between identical twins compared to fraternal twins in
heir ability to recognise faces (Wilmer et al., 2010), but no
orrelation between face recognition ability and general intel-
igence (IQ), or general visual memory (Davis et al., 2011).
urther afield, others have reported a genetic component to read-

ng skill using a retrospective twin design (Plomin, Shakeshaft,
cMillan, & Trzaskowski, 2014), and a significant relationship

etween several measures of general cognitive ability (e.g., IQ
nd visual memory) and chess skill among children (Bilalić,
cLeod, & Gobet, 2007; Horgan & Morgan, 1990), and adults

Grabner, Stern, & Neubauer, 2007; but for conflicting results,
ee Waters, Gobet, & Leyden, 2002). While these findings offer
nsights about a possible source of variation among individuals,

t is impossible to tease apart the relative contribution of expe-
ience using retrospective methods. With twins, for instance,
raternal pairs may vary more than identical pairs in their sets of
xperiences, resulting in more varied performance.
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redicting  Future  Expertise

A second approach to assessing individual differences in
xpertise is to predict future achievement based on current
erformance. One particular domain that has an established liter-
ture on predicting future achievement is medicine. Admission
o postgraduate medical science programmes is highly compet-
tive, the candidates are all highly qualified, and attrition rates
re typically very low (Eva, Rosenfeld, Reiter, & Norman, 2004;
alvatori, 2001). The traditional personal interview approach to
electing candidates is also prone to context specificity effects
Eva et al., 2004). To overcome some of these issues, medical
ducation researchers developed the multiple  mini-interview, a
election tool that involves averaging across scores from multi-
le samples of short, structured interviews with candidates (Eva
t al., 2004). Increasing the number of interviews (and inter-
iewers) dilutes the chances of candidates being selected on the
asis of compatibility with a particular interview panel, or a
nce off favourable performance on the day. We borrow aspects
f this multiple samples method in our current study. Predict-
ng future behaviour, however, also has limits. There is no way
o assess the future performance of selected candidates rela-
ive to the future performance of rejected candidates had  they
een selected (Schmidt & Hunter, 1998). Because the range of
eople to test down the track is restricted, it can be difficult to
now whether a selection tool actually discriminates top future
erformers from the rest.

racking  the  Emergence  of  Expertise  Over  Time

A third approach to testing whether individual differences
nderlie perceptual expertise, is to collect longitudinal data.
owever, there are surprisingly few longitudinal studies map-
ing the development of expertise over time in applied domains.
rior work integrating dual-process and individual differences

heories suggests that early individual differences among naïve
erformers remain stable over a period of learning (in a single
ession) when the task demands vary (e.g., randomly intermix-
ng targets and distractors on a verbal category search task),
ut they diminish when the task demands remain consistent
e.g., colour naming, symbol sorting; see Ackerman, 1987).
asks with inconsistent  components are thought to imply the
se of more controlled or effortful processes, whereas tasks with
onsistent  components are thought to become more automated
ith experience. From this perspective, individual differences

n general ability may be equated with differences in cognitive
apacity or amount of attentional resources, and the transition
rom controlled to more automatic processing with expertise is
ynonymous with becoming less sensitive to general resource
imitations (Ackerman, 1987). While this work is based on
elatively artificial cognitive tasks, it offers a theoretical frame-
ork for assessing individual differences in perceptual expertise.
arly individual differences in learners’ ability to classify and

iscriminate objects or categories might remain stable for tasks
hat are inconsistent, novel, or that allow controlled, effortful,
nalytic processing, but not for tasks that come to rely on fast,
ntuitive, non-analytic processing with experience.
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THE EMERGENCE OF

he  Present  Study:  Tracking  the  Emergence  of  Expertise
ith Fingerprints  Over  Time

In this study, we probe whether early individual differences
an be diagnostic of later perceptual expertise in the con-
ext of fingerprint identification. Specifically, we test whether
ariation in performance among a group of new fingerprint
rainees predicts variation in their performance as they accumu-
ate experience with fingerprints in a natural setting: working

 fingerprint unit (see SWGFAST, 2012b, for an example field
raining standard). We measure their performance every three

onths, for 12 months, on a suite of perceptual tasks previ-
usly demonstrated to distinguish between expert and novice
ngerprint examiners. These tasks included a self-paced visual
earch (Searston & Tangen, 2017b) and fingerprint matching
ask (Tangen, Thompson, & McCarthy, 2011), a fingerprint

atching task where the images are presented very briefly
Searston & Tangen, 2017b; Thompson & Tangen, 2014), and a
ngerprint matching task where we shift the level of specificity
rom the finger to the person (Searston & Tangen, 2017a).

Fingerprint examiners spend their days matching unfamil-
ar images. Their task is to determine whether two prints they
ave never seen before, belong to the same unfamiliar finger
e.g., different instances of Smith’s right thumb), or two dif-
erent unfamiliar fingers (e.g., instances of Smith’s right thumb
nd Jones’s right thumb). The novelty of each case could be
onsidered a form of inconsistency (Ackerman, 1987), and per-
ormance under these conditions may therefore require effortful
rocessing that is dependent on more general cognitive abili-
ies. There is evidence to suggest that fingerprint examiners rely
omewhat on controlled, effortful or analytic processes when
atching prints. The difference in fingerprint matching perfor-
ance between experts and novices is greater when given 60 s of

iewing time versus one-second (Thompson & Tangen, 2014),
nd formal practice guidelines encourage a slow analytic pro-
ess of marking up and comparing particular features in each
ase before arriving at a conclusion (SWGFAST, 2012a). From
his perspective, we would expect individual differences in per-
ormance on measures of fingerprint expertise to remain stable
ver time, irrespective of experience. In practice, such a result
ould suggest that composite measures, and other multiple-

ample methods for assessing performance, may hold promise
s tools for selecting new trainees in fingerprints.

There is also evidence that fingerprint examiners make use of
on-analytic or automatic processes with expertise. Experts are
ore accurate than novices with matching prints that are spaced

riefly in time or presented briefly on the screen (Thompson
 Tangen, 2014), and they display physiological character-

stics of configural processing (Busey & Vanderkolk, 2005).
ingerprint experts are also able to discriminate prints belong-

ng to different fingers of the same person (e.g., Smith’s right
humb and little finger; Searston & Tangen, 2017a), and finger-
rint matching decisions appear to be influenced by similarity

o prior cases (Searston, Tangen, & Eva, 2016), suggesting a
eliance on memory and a feeling of familiarity when matching
nfamiliar images. Based on this evidence, we would expect
rior individual differences in performance on measures of

n
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ngerprint expertise to diminish as examiners gain experience
n the domain. Such a result would be consistent with exemplar

odels that emphasise a greater on reliance on automated mem-
ry retrieval with increasing experience (Brooks, 1978; Logan,
988; Medin & Schaffer, 1978). In practice, this result would
uggest that the emphasis currently placed on “training and expe-
ience” as an indicator of expertise in forensic science may hold
rue in the case fingerprints (Busey & Parada, 2010).

Method

articipants

Participants were 24 fingerprint trainees from four police
rganisations in Australia (Queensland, The Australian Fed-
ral, New South Wales, and Victoria Police). Twelve
rainees—Trainee  Group  A—had less than two weeks of formal
xperience with discriminating prints on the first day of testing.
he remaining 12 trainees—Trainee  Group  B—had between
ne and three months experience with matching fingerprints on
he first day of testing (Mean  Experience  = 1.7 months). This
equential strategy (Schaie, 1965) of examining changes within
roups over time and between groups with different levels of
xperience on the first day of testing, enabled us to better iso-
ate whether any change in performance was a genuine effect
f trainees’ experience working in a fingerprint unit, or a result
f being tested. Trainees were spread over six small cohorts or
ntakes, and typically started in their jobs within days of each
ther in each cohort. They were recruited during three-monthly
isits to each of the police organisations over a three-year period.
iven the nature of their work and relatively small populations,

imilar sample sizes are typical of studies involving fingerprint
xaminers (e.g., Searston & Tangen, 2017a; Tangen et al., 2011;
ogelsang, Palmeri, & Busey, 2017) and experts in other applied
omains (e.g., Brooks, Norman, & Allen, 1991; Towler, White,

 Kemp, 2017). Nonetheless, previous studies comparing expert
ngerprint examiners to novices on the tasks used in the current
tudy have reported moderate to large effect sizes (Searston &
angen, 2017a, 2017b).

Five of the 24 trainees were not able to complete all five
essions: two (one from Trainee Group A, and one from Trainee
roup B) were not available at nine or 12 months, one (from
rainee Group A) was not available at nine months, one (from
rainee Group B) was not available at six months, and another
from Trainee Group B) was only available to complete the tasks
n the first visit. Some missing data due to leave arrangements
as unavoidable, and we have included the data we obtained

rom these trainees in our analyses where possible.
While we were unable to keep a thorough record of trainees’

xperiences, the first author completed a week of fingerprint
raining alongside trainees in one organisation. This training
nvolved a mix of theory (e.g., learning about the biology of
riction ridge skin, concepts like distortion, and causal knowl-
dge about why a fingerprint may change from one time to the

ext) and practice (e.g., classifying and comparing fingerprints).
raining to become a fingerprint expert in Australia typically
pans a five-year period, during which time trainees are men-
ored by more experienced examiners on the job, participate
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THE EMERGENCE OF

n structured lessons, and complete theoretical and practical
xaminations.

isual  Search

As one measure of fingerprint expertise, trainees viewed
0 arrays of 40 prints one at a time on the computer screen,
nd were asked to find and select the whorl among the loops
r the loop among the whorls as quickly and as accurately
s possible (see Figure 1a for an example whorl array with a
oop target to the left). Prior work has shown that fingerprint
xperts are significantly more accurate than novices at locat-
ng categorical outliers in these arrays (Searston & Tangen,
017b). Trainees also completed an inverted face version of
he same task—where trainees viewed 40 arrays of 40 inverted
aces, selecting the inverted male face among the inverted
emale faces or vice versa (see to the right of Figure 1a). Our
xpertise with faces is disrupted when the images are inverted
Young, Hellawell, & Hay, 1987), and we expected trainees
o become more accurate on the fingerprint task (but not the
nverted face task) as they gained experience with matching
rints.

The prints were 200 fingerprint patterns (100 loops and 100
horls), collected from different fingers of 30 individuals. Each
rint was cropped to 180 ×  180 pixels and we applied a circular
ask. Forty arrays were generated for each trainee: 20 with

 loop pattern among whorl distractors, and 20 with a whorl
attern among loop distractors. The 39 distractors in each array
ere randomly sampled from the remaining pool of prints. No

arget was repeated, the position of the target was random in
ach array, and the sequence of trials (i.e., loop or whorl target)
as random for each trainee each time the task was completed.
e used the same method to generate 40 arrays of 40 inverted

ace images with inverted male or inverted female target images.
he faces were a subset of 100 male and 100 female photographs

rom the Face Recognition Grand Challenge database (Phillips
t al., 2005), cropped to 180 ×  180 pixels, inverted, and masked
o that the hair could not be seen.

peeded  Matching

Prior work has shown also that fingerprint experts are more
ccurate than novices when matching prints presented for one
econd (Thompson & Tangen, 2014), and just 400 ms (Searston

 Tangen, 2017b). As a second measure of fingerprint exper-
ise, trainees viewed pairs of prints for 400 ms followed by a
0 ms visual mask (i.e., scrambled images of the fingerprints),
nd were asked to judge whether the prints were left by the same
nger or two different fingers (see to the left of Figure 1b for
n example task sequence). There were 100 pairs (50 matching
nd 50 mismatching), and trainees indicated their judgments
n a 12 point, forced-choice confidence rating scale (Tangen
t al., 2011). We also included an inverted face version of this
ask, where trainees viewed pairs of photographs for 400 ms fol-

owed by a 50 ms visual mask. In this version, they were asked
o judge whether the photographs depicted the same individ-
al or two different individuals (see to the right of Figure 1b
or an example task sequence). Again, we expected trainees to

p
b
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i
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ecome more accurate at discriminating fingerprints (but not
nverted faces) as they gained experience working with finger-
rints.

The prints were the same set used in the visual search task
ithout the circular mask. One-hundred target prints were ran-
omly paired with either a matching print recorded on a separate
ccasion (creating 50 matching pairs), or a mismatching print
rom a random other individual in the set (creating 50 mismatch-
ng pairs). The images were cropped to 675 ×  675 pixels with
he prints isolated in the centre. The order of matching and mis-
atching trials was random for each trainee on each occasion

hey completed the task. The faces were also the same as those
sed in the visual search task, only the hair was not masked and
he images were cropped to 675 ×  900 pixels.

erson  Matching

Another facet of fingerprint expertise is an ability to detect
tylistic, relational or family resemblance information among

 person’s prints. Fingerprint experts are more accurate than
ovices at judging whether a series of prints was left by the
ame person, even when they were left by completely differ-
nt fingers (e.g., Jones’s right thumb, index, middle, ring and
ittle fingerprints are all instances of Jones; Searston & Tan-
en, 2017a). As a third measure of fingerprint expertise, trainees
udged whether lineups of five prints, each from different fingers
i.e., index, middle, ring, little, and thumb), were left by the same
erson or whether one of the prints was left by another individual
see Figure 1c for an example matching and mismatching fin-
erprint lineup). The lineups remained on the computer screen
ntil trainees indicated their judgement, using a 12-point forced
hoice confidence rating scale. This scale ranged from 1 (sure
ifferent) to 12 (sure  same), where ratings of 1–6 indicated a “no
atch” decision (i.e., they thought one of the prints belonged

o another individual) and ratings 7–12 indicated a “match”
ecision (i.e., they thought all five impressions belonged to the
ame individual). The image set used in this task consisted of
0 fully rolled prints from 60 individuals that were cropped
o 600 ×  600 pixels, and masked to isolate the structure of the
rints (Searston & Tangen, 2017a). Sixty lineups of five prints
ere generated for each trainee on each testing occasion. The

ineups were sampled equally from the left and right hand and
urther partitioned equally as matching and or mismatching tri-
ls. The distractors were sampled from a random other individual
n the set while still ensuring that all lineups included a print of
ach of the five digit types. The sequence of matching and mis-
atching trials was also random for each trainee on each testing

ccasion.

ingerprint  Matching

The final measure of expertise was a latent fingerprint match-
ng task that has also been shown to discriminate between experts
nd novices (Tangen et al., 2011). Trainees viewed 36 pairs of

rints (18 matching and 18 mismatching) and judged them as
elonging to the same  finger or two different  fingers—the fin-
erprint pairs remained on the computer screen until trainees
ndicated their judgement. The prints were a subset of those used
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igure 1. An example fingerprint array with a loop target (a left), and an inverted
ask sequence (b left), and the speeded inverted face matching task sequence (
erson matching task.

n Tangen et al. (2011); we did not include a random non-match
ondition. The 36 fingerprint pairs were generated by randomly
ampling 18 simulated crime-scene prints, pairing them with
 corresponding fully rolled print left by the same finger, and
airing the remaining 18 with a corresponding highly similar
ut mismatching print.

w
m
w
a

 array with a female target (a right). (b) depicts the speeded fingerprint matching
t). (c) depicts an example matching and mismatching fingerprint lineup in the

rocedure

All trainees read an information sheet about the study, and

ere told the aim of the experiment was to track their develop-
ent as they gained experience (with fingerprints). They also
atched an instructional video about each task, with a reminder

t beginning of each testing session. The suite of measures was
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THE EMERGENCE OF

resented in a different randomised order on five separate occa-
ions, spaced three months apart. They were presented on a

acbook Air in a room separate from the trainees’ workspaces,
nd each testing session took approximately two hours to com-
lete with short breaks between the tasks. On some occasions,
he trainees completed the tasks over two separate days, depend-
ng on their work demands.

Results

ffect  of  Experience  on  Trainees’  Indexed  Performance

Trainees improved on all four measures of fingerprint exper-
ise as they gained experience working in a fingerprint unit. We
ndexed each trainee’s performance by averaging over their per-
ent correct scores on the four fingerprint tasks (excluding the
wo inverted faces tasks). See Figure 2, for an illustration of
ach trainee’s indexed performance over the 12 months (the
ight and dark turquoise lines indicate the average percent cor-
ect for Trainee Group A and Trainee Group B). On the first
ay of testing, Trainee Group A averaged 66.4% (SD = 11.5%)
orrect on the index, improving to 78.6% (SD = 6.4%) with just
hree months experience with matching prints. This improve-

ent remained steady with six (78.7% correct; SD = 6.9%),
ine (79.5%; SD = 7.7%), and 12 months experience (80.3%;
D = 6.3%). Trainee Group B showed a similar pattern of results,
veraging 79.1% (SD = 5.1%) correct on the index with one
o three months experience, increasing to 80.7% (SD = 4.9%),
3.5% (SD = 4.8%), and then 84.2% (SD = 2.6%) three, six, and
ine months later.

We subjected Trainee Group A’s index scores to a within-
ubjects one-way analysis of variance (Experience: none, three
onths, six months, nine months, and 12 months), finding a sig-

ificant overall effect of Experience on trainees’ average percent
orrect scores across the four fingerprint tasks, F(1, 9) = 26.85,

 < .001, η2
G =  .75. Follow up paired comparisons revealed that

hese trainees improved significantly with three months expe-
ience working in a fingerprint unit, t(11) = 5.763, p < .001,
ohen’s d  = 1.31, and this improvement plateaued from three to

ix, t(11) = .11, p  = .913, three to nine, t(9) = 1.02, p  = .333, and
–12 months, t(9) = 1.91, p  = .089. We then ran a second one-
ay analysis of variance between-subjects, substituting Trainee
roup A’s index scores at 3, 6, 9, and 12 months with Trainee
roup B’s scores at those equivalent times. Again, we found a

ignificant effect of Experience, F(1, 52) = 34.12, p  < .001, η2
G =

40. With one to three months experience, Trainee Group B out-
erformed Trainee Group A, when they were at the beginning of
heir training, t(46) = 3.49, p  < .003, Cohen’s d  = 1.43. There was
o discernible improvement in Trainee Group B’s performance
n the index from three to six months, t(44) = .74, p  = .462, or
rom three to nine months, t(44) = 2.09, p = .050, though they
id show a significant improvement from three to 12 months,
(44) = 3.06, p  = .007, Cohen’s d = 1.26. See Supplemental Mate-

ial for detailed analyses of the trainees’ performance on each of
he four fingerprint measures, and two face measures separately.

ithin-subjects analyses of trainees’ performance on the two
ace tasks revealed no significant improvements.
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ndividual  Differences  on  the  Fingerprint  Index

Collapsing across all four fingerprint tasks, early individ-
al differences remained diagnostic of performance over the 12
onths. The percent correct scores for Trainee Group A on the
ngerprint index at the beginning of their training were signif-

cantly correlated with their performance on the index three,
(12) = .82, p  = .001, six, r(12) = .77, p  = .003, nine, r(10) = .79,

 = .007, and 12 months later, r(11) = .72, p  = .012 (see Figure 3
or scatterplots of these results). Of primary interest was whether
ndividual differences on the fingerprint index without any train-
ng or experience in the domain were predictive of individual
ifferences as trainees’ gained experience. We were unable to
erform the same individual differences analysis with Trainee
roup B, as they already had one to three months experience
orking in a fingerprint unit when they first completed the tasks.
heir scores on the fingerprint index with one to three months
xperience were positively and significantly correlated with their
erformance at nine months, r(10) = .79, p  = .007, but not six,
(10) = .62, p  = .056 or 12 months, r(10) = .50, p = .141.

ndividual  Differences  on  the  Visual  Search  and  Fingerprint
atching  Tasks

Early individual differences in performance also remained
table over the 12 months when we removed the speeded and
erson matching tasks from the index. We calculated the average
ercent correct for each trainee collapsed across the fingerprint
isual search and fingerprint matching tasks. The average scores
or Trainee Group A across these two measures when they had no
xperience working in a fingerprint unit, were significantly cor-
elated with their performance on the same two measures three,
(12) = .64, p  = .025, six, r(12) = .62, p  = .033, nine, r(10) = .73,

 = .016, and 12 months later, r(11) = .75, p = .008. When we
an these analyses using data from the fingerprint matching
ask only, however, we found no significant correlation between
rainees’ fingerprint matching accuracy at the beginning of
heir training and their fingerprint matching accuracy three,
(12) = .51, p  = .093, or six months later, r(12) = .40, p  = .193.
heir earliest performance on the fingerprint matching task was
ignificantly related to their fingerprint matching accuracy after
ine months of fingerprint training, r(10) = .68, p  = .032, but not
fter 12 months, r(11) = .60, p  = .051. Early performance on the
ngerprint visual search task by itself was not significantly cor-
elated with trainees’ performance on the same task after three,
(12) = .49, p  = .103, six, r(12) = .50, p  = .095, or nine months
xperience with matching prints, r(10) = .63, p = .053, but it was
fter 12 months, r(11) = .67, p  = .024.

ndividual  Differences  on  the  Speeded  and  Person  Matching
asks

For the speeded and person matching tasks, early individual
ifferences became less predictive of performance as trainees

ained experience. Collapsing over the two measures, the per-
ormance of Trainee Group A at the beginning of their training
ignificantly predicted their performance on the same combined
easure three months later, r(12) = .61, p = .035, but not six,
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Figure 2. To the left is the mean percent correct for each individual trainee (light grey), for Trainee Group A (dark turquoise), and for Trainee Group B (light
turquoise) on the fingerprint index (average percent correct scores collapsed across the four fingerprint tasks) over their first 12 months of working in a fingerprint
unit. Error bars represent the standard error of the mean, and Trainee Group B has been plotted in-between Trainee Group A to illustrate the one to three month lag
before they first completing the suite of tasks. To the right of the index is the mean proportion correct for each individual, Trainee Group A, and Trainee Group B
on the fingerprint search task (top left), inverted face search task (top right), speeded fingerprint matching task (middle left), speeded inverted face matching task
(middle right), person matching task (bottom left), and fingerprint matching task (bottom right).

Figure 3. Mean percent correct scores for each trainee (represented individually by the light turquoise diamonds) in Trainee Group A on the fingerprint index
( ith no
o he y-a

r
l
e
t
p
w
t
e
n
n
T

t
i
p
fi

average of percent correct scores collapsed across the four fingerprint tasks) w
n the fingerprint index with three, six, nine, and 12 months experience along t

(12) = .44, p  = .152, nine, r(10) = .49, p  = .151, or 12 months
ater, r(11) = .15, p  = .660. A similar pattern emerged when we
xamined individual differences in performance for each of these
asks separately. Trainees’ accuracy with discriminating briefly
resented prints when they had no experience in fingerprints
hatsoever, was significantly related to their performance on

he same task after they had accumulated three months experi-

nce with matching fingerprints, r(12) = .59, p = .045, but it was
ot related with their performance after six, r(12) = .37, p  = .232,
ine, r(10) = .60, p = .068, or 12 months, r(11) = .39, p  = .238.
he accuracy with discriminating people at the beginning of their

o
w
e

 experience matching prints along the x-axes, and their percent correct scores
xes.

raining was not significantly related to their ability to discrim-
nate people after three, r(12) = .33, p = .355, six, r(12) = .37,

 = .298, nine, r(10) = .17, p  = .643, or 12 months of working in
ngerprints, r(11) = −.04, p  = .912.

Discussion
Few studies have examined the development of expertise
ver an extended period of time. The purpose of this study
as to glean a richer understanding of how people develop

xpertise over time in an applied perceptual domain: fingerprint
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dentification. We also set out to gauge whether early individ-
al differences can  be diagnostic of performance as people gain
xperience in their domain of expertise. We tested 24 fingerprint
rainees on four specific measures of fingerprint expertise—a
isual search, speeded matching, person matching, and finger-
rint matching task—every three months over the course of a
ear as they accumulated experience with fingerprints in a nat-
ral setting. We gauged their performance by collapsing across
heir percent correct scores on all four tasks.

One clear result was that domain-specific experience facili-
ated the development of perceptual expertise with fingerprints.
ver their first 12 months working in a fingerprint unit, trainees
isplayed a significant improvement in their ability to: identify
ategorical outliers (e.g., locating a loop fingerprint pattern in
n array of whorls), discriminate briefly presented prints, dis-
riminate family resemblances among a person’s prints, and
iscriminate prints when no time constraints were imposed on
hem. The vast majority of learning also occurred within three

onths of working in the domain, and trainees with greater
xperience working in a fingerprint unit when first complet-
ng our suite of tasks (Trainee Group B) scored significantly
igher on the fingerprint index than trainees with no experi-
nce (Trainee Group A). The significant change in performance
ithin trainees over three months, and the significant differ-
nce between  two groups of trainees, who were either new
r had been working in a fingerprint unit for one to three
onths the first time we tested them, provides compelling

onverging evidence that experience in the domain enhances
he development of fingerprint expertise. These results are in
ine with prior work suggesting that expertise is facilitated
y deliberate practice in the domain (Charness et al., 2005;
ricsson, 2007, 2014; Ericsson et al., 1993), and with exem-
lar models of categorisation and automaticity that posit a
reater reliance on a memory for similar instances with expe-
ience (Brooks, 1978; Logan, 1988; Medin & Schaffer, 1978).
ractically, this finding suggests that experience working in a
ngerprint unit contributes to the development of expertise with
ngerprints, lending empirical support to the “training and expe-
ience” heuristic used in legal proceedings to help judge the
dmissibility of expert fingerprint evidence (Busey & Parada,
010).

Perhaps most interesting is the result that trainees’ indexed
erformance on the suite of fingerprint tasks at the beginning of
raining was significantly related to their overall performance
hree, six, nine, and 12 months later. That is, the individual
ifferences trainees brought to bear when they had limited
xperience with fingerprints were diagnostic of their relative
erformance throughout their first year of training; the top
erformers tended to remain at the top. This finding suggests
hat some variation in perceptual expertise (with fingerprints)

ay be dependent on preexisting differences between individ-
als (Macnamara et al., 2014), and that it may be possible to
esign selection tools that are diagnostic of fingerprint exper-

ise down the track. However, the shrinking variance between
ndividuals over the 12 months hints at the possibility that the
redictive power of our composite measure may wash out over

 longer period of time. If this is true, then initial individual

m
f
o
e
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ifferences on the fingerprint index may be diluted with enough
pecific experience in the domain—in this case experience
n a fingerprint unit. Practically, managers might then place
reater emphasis on training rather than selection if the low-
st performers are likely to improve over time. In any case,
xisting theoretical accounts of expertise (e.g., Ericsson et al.,
993), categorisation (e.g., Brooks, 1978), and automaticity
e.g., Logan, 1988) typically do not feature individual differ-
nces, and further research testing the generality of our findings
cross domains would help to refine our basic understanding of
xpertise.

We were constrained by a small population of trainee finger-
rint examiners, and our findings do not allow us to distinguish
hether trainees were adopting a controlled or an automatic pro-

ess. However, the data do provide some clues as to the sorts of
onditions where performance may be more likely to depend
n preexisting individual differences. When we split the finger-
rint index in two, for example, early performance predicted
ater performance when we combined the self-paced fingerprint

atching and visual search tasks but not when we combined
he speeded and person matching tasks. This pattern of results
ay be reconciled with a dual-process account of individual dif-

erences (Ackerman, 1987), which predicts that performance is
ore likely to be constrained by general cognitive resource limi-

ations in tasks that encourage analytic processing. For example,
xaminers may be encouraged to adopt a more controlled and
nalytic process in cases where the prints are particularly novel,
ounterintuitive, or noisy, and there are few pressures to make

 decision quickly. In these cases, a dual-process account pre-
icts that preexisting individual differences would more strongly
orrelate with examiners’ performance.

In the present study, we traded a degree of control to test
rainees in their natural setting as they developed perceptual
xpertise with fingerprints: we tested fingerprint trainees’ per-
ormance across a range specific tasks on five separate occasions
ver the course of a year. The multiple-samples longitudinal
esign we adopted in the current study on fingerprint exper-
ise may serve as a useful model for investigating perceptual
xpertise and how it develops over time more broadly. Tak-
ng multiple samples of people’s performance across several
asks and time points provides a measure of expertise that is
ess susceptible to fluctuations due to independent error fac-
ors (e.g., once off performances on the day; Eva et al., 2004).
mportantly, it also enables us to test the stability of individ-
al differences over some period of training or practice in a
articular domain. As we have shown within our sample of
rainees, individual differences in fingerprint expertise were

uch more stable when we computed the average performance
f each individual across tasks, compared to tracking their per-
ormance on each task separately. More longitudinal research
cross domains would compliment existing expert-novice stud-
es on the nature of expertise by providing a richer understanding
f how it develops over time. Future longitudinal investigations
ay manipulate specific aspects of training and experience,

or example, which would help to better understand the role

f individual differences and how best to create perceptual
xpertise.
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