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Evidence accumulation models have been used to describe the cognitive processes underlying perfor-
mance in tasks involving 2-choice decisions about unidimensional stimuli, such as motion or orientation.
Given the multidimensionality of natural stimuli, however, we might expect qualitatively different
patterns of evidence accumulation in more applied perceptual tasks. One domain that relies heavily on
human decisions about complex natural stimuli is fingerprint discrimination. We know little about the
ability of evidence accumulation models to account for the dynamic decision process of a fingerprint
examiner resolving if 2 different prints belong to the same finger or different fingers. Here, we apply a
dynamic decision-making model—the linear ballistic accumulator (LBA)—to fingerprint discrimination
decisions to gain insight into the cognitive processes underlying these complex perceptual judgments.
Across 3 experiments, we show that the LBA provides an accurate description of the fingerprint
discrimination decision process with manipulations in visual noise, speed-accuracy emphasis, and
training. Our results demonstrate that the LBA is a promising model for furthering our understanding of

applied decision-making with naturally varying visual stimuli.

Public Significance Statement

The article demonstrated that the linear ballistic accumulator (LBA) model was able to accurately
capture decision-making processes in a fingerprint discrimination task that used naturalistic finger-
prints bearing a strong resemblance to those encountered in the field. This finding was robust across
manipulations of visual noise, speed-accuracy emphasis, and training. Encouragingly, the article
suggests the LBA can provide further insight and understanding into decision-making processes
involving naturalistic stimuli that are encountered in practice.
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Evidence accumulation models provide a detailed description of
the processes underlying rapid human decision making (Donkin &
Brown, 2018). The models assume that a decision-maker samples
evidence from the environment until a threshold amount of evi-
dence is accumulated, at which point an overt response is trig-
gered. Unlike “static” decision models, such as signal detection

(Green & Swets, 1966), evidence accumulation models account for
choice probability and response times, as well as the interaction
between the two. The appeal of an evidence accumulation ap-
proach to modeling decisions is that it can reveal novel facets of
the decision process beyond raw response time, accuracy, and
other static measures of performance. While these models have
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traditionally been applied to two-choice discrimination tasks
where the stimuli vary artificially along a single dimension, such
as motion or orientation detection tasks (for a review see Ratcliff
& McKoon, 2008), their success has generated interest in potential
applications beyond the lab. For instance, how these models fare
with decisions about highly variable, multidimensional, or noisy
stimuli encountered in applied areas such as air traffic control,
medical diagnosis, or forensic science is unknown.

Recent efforts have shown that accumulation models can ac-
count for behavior on tasks with considerable complexity. For
example, this class of model has been applied to air traffic control
conflict detection tasks (Loft, Bolland, Humphreys, & Neal, 2009;
Vuckovic, Kwantes, Humphreys, & Neal, 2014), unmanned aerial
vehicle simulation target detection tasks (Palada, Neal, Vuckovic,
Martin, Samuels, & Heathcote, 2016), and medical image
decision-making tasks (Trueblood et al., 2018). These prior studies
have probed the generality of evidence accumulation models using
controlled stimuli captured by simple decision rules (e.g., simu-
lated targets) to natural, high-dimensional stimuli comprising dis-
tributed features that are much more difficult to define (e.g.,
medical images). Extending standard response time models (e.g.,
the LBA and diffusion model) even further afield will help to
reveal how closely each parameter tracks decision processes with
different kinds of stimuli, tasks, and participant samples.

Here we apply the linear ballistic accumulator model (LBA;
Brown & Heathcote, 2008) to a fingerprint discrimination task
where participants are faced with accumulated evidence about
naturalistic stimuli that bear a strong resemblance to forensic
fingerprint evidence encountered in the field. No such model has
been used to describe how people arrive at a decision about the
identity or source of forensic specimens—fingerprints, handwrit-
ing, firearms, or hair—despite the analogous “evidence” accumu-
lation nature of such forensic investigative tasks. Across three
experiments, we examine whether the LBA can provide a coherent
account of decision-making in a task that closely resembles the
process of deciding whether a crime scene print matches a suspect
or not. Our first experiment examines the ability of the LBA to
account for patterns of choices and response times in a fingerprint
discrimination task. Our second experiment examines the effects
of standard manipulations such as speed-accuracy emphasis and
stimulus difficulty to test whether the model parameters are sen-
sitive to factors they should be, according to theory. Our third
experiment examines how a training intervention affects the cog-
nitive processes underlying finger discrimination, as reflected by
the model parameters. In the following sections, we review previ-
ous literature on fingerprint discrimination, describe how finger-
prints could benefit from evidence accumulation modeling, and
illustrate the application of the LBA to fingerprints.

Fingerprint Discrimination

Fingerprint discrimination is done by humans, not computers.
When a fingerprint is found at a crime scene a human examiner—
often a police officer—compares the print to a known suspect or
to a list of candidate prints. They position two prints side-by-side,
physically or on a computer screen, and visually compare them to
judge whether they came from the same finger or different fingers.
Compared with novices, these examiners are remarkably accurate
at discriminating prints (Tangen, Thompson, & McCarthy, 2011),

particularly when they are highly similar in the eyes of a computer
algorithm (Thompson, Tangen, & McCarthy, 2013b). Experts tend
to show a conservative response bias in these experiments, such
that they err on the side of making more errors that could allow a
guilty person to escape detection than errors that could falsely
incriminate an innocent person (Thompson, Tangen, & McCarthy,
2013a).

Other experiments on the nature of fingerprint expertise have
revealed that fingerprint experts can make quick and relatively
accurate decisions in noise and under time pressure compared with
novices (Thompson & Tangen, 2014). They can also maintain this
expertise across different fingerprint tasks that bear less of a
resemblance to their daily work. For example, they can tell if two
prints were left by different fingers of the same individual more
accurately than novices (Searston & Tangen, 2017c), and they
show even greater expertise in distinguishing common fingerprint
patterns such as “loops” and “whorls” in a search task (Searston &
Tangen, 2017b). However, their expertise also appears to be con-
strained by their specific set of experiences. For example, a lon-
gitudinal investigation of the development of expertise with fin-
gerprints revealed that examiners’ performance on a series of
fingerprints tasks improved as they accumulated 12 months of
formal training with fingerprints, but their performance on a series
of analogous tasks with inverted face stimuli did not improve over
the same period of time (Searston & Tangen, 2017a).

Signal detection models have been the predominant class of
model used to understand decisions in these fingerprint discrimi-
nation experiments (Searston, Tangen, & Eva, 2016; Thompson et
al., 2013a). These models have allowed researchers to examine
factors that influence decision parameters such as response bias
(i.e., whether people are biased toward responding “same finger”
vs. “different finger”) and discriminability (i.e., the ability of the
decision maker to discriminate same-finger prints vs. different-
finger prints). For instance, trainees with 5 weeks to 6 months
experience can be more conservative in their responding (i.e.,
tended to say “different” more frequently) than novices, who
displayed a liberal bias when comparing fingerprints (i.e., tended
to say “same finger” more on the same task; Thompson et al.,
2013b). Fingerprint experts demonstrate superior discriminability
compared with novices irrespective of their response bias in other
two-alternative choice fingerprint tasks (Searston & Tangen,
2017b, 2017c). Signal detection models have also been used to
show how contextual information (e.g., case reports of crimes that
vary in severity) can influence response bias on a fingerprint
matching task without necessarily affecting discriminability (Sear-
ston et al., 2016).

The application of signal detection theory to fingerprint discrim-
ination decisions has provided insights into how experts differ
from novices, how context can sway people’s decisions, and how
people’s discriminability can vary with experience. Despite the
value of this model for helping to understand fingerprint discrim-
ination, there are aspects of the underlying decision process that
remain obscured, such as speed—accuracy trade-offs (Vuckovic et
al., 2014). That is, signal detection models are static models that do
not make use of the response time distribution and so they do not
account for the dynamics of the decision process, how it might
change under different conditions. An increase in hits together
with a decrease in false alarms, for example, is typically inter-
preted as an increase in discriminability. This pattern of results,
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however, could also be caused by increases in the response thresh-
old that determines when the evidence accumulated for a response
alternative is sufficient to trigger an overt response (e.g., Palada,
Neal, Tay, & Heathcote, 2018). Response thresholds, in turn, may
change under conditions that emphasize speed and accuracy in
different ways. These dynamics can be explored using evidence
accumulation models, which consider both response times and
accuracy.

Evidence Accumulation Models

The term “evidence accumulation model” refers to a class of
cognitive model that describes the process underlying rapid human
decision making. These models share the basic assumption that the
decision maker accumulates evidence for response alternatives
until a threshold amount of evidence is reached, at which point an
overt response is triggered. Although modern evidence accumula-
tion models often yield similar conclusions about the decision
process regardless of which model is considered, the models make
different assumptions about the underlying architecture (Donkin,
Brown, Heathcote, & Wagenmakers, 2011).

Evidence accumulation models have developed over the last 50
years with architectural extensions added over time to account for
more complex empirical observations (see Donkin & Brown, 2018
for a more detailed review). Early models assumed that a single
accumulator indexed the difference in evidence for each choice
followed a random walk process; response time variability was
captured by the moment-to-moment change in evidence (Stone,
1960). Subsequent models used a continuous accumulation pro-
cess, or a diffusion process, and added trial-to-trial variability in
the evidence accumulation start point and the mean rate of evi-
dence accumulation. These added sources of variability captured
differences in response times for correct and error response times
(Laming, 1968; Ratcliff, 1978). The current diffusion model has
also added trial-to-trial variability in nondecision processes to
account for variability in the fastest response times across condi-
tions (Ratcliff & McKoon, 2008). Multiple accumulator models
have also been proposed, which assume that evidence accumulates
independently for each response alternative(s). The leaky accumu-
lator model (Usher & McClelland, 2001) assumed response com-
petition between accumulators and within-trial randomness. The
latter assumption was subsequently omitted in the simplified bal-
listic accumulator model (BA; Brown & Heathcote, 2008). The
LBA (Brown & Heathcote, 2008) is a further simplification of the
BA model, as it assumes linear evidence accumulation (Brown &
Heathcote, 2008).

The success of evidence accumulation models stems from their
ability to provide insights into the latent cognitive processes that
underlie choice. The models are typically applied to tasks using
simple stimuli that produce rapid decision times (<1.5 s), such as
memory recognition (“was it recently encountered?”’), motion dis-
crimination (“is it moving to the left or right?”), and lexical
decisions (“is it a word or nonword?”). The pairing of evidence
accumulation models with these types of tasks has facilitated our
understanding of a range of issues, including sleep deprivation
(Ratcliff & Van Dongen, 2011), schizophrenia (Heathcote, Suraev,
Curley, Love, & Michie, 2015), and anxiety (Ho et al., 2014).

There is recent evidence that the LBA can be used to account for
decisions in tasks that are inspired by applied domains where

extended mean response times are common (~2.5 s; e.g., Palada et
al., 2018). For example, Strickland et al. (2019) and Boag, Strick-
land, Heathcote, Neal, and Loft (2019) used the LBA to understand
the processes underlying prospective memory in a maritime sur-
veillance task and air traffic control task, respectively. The LBA
has also been used to understand how individuals adapt to time
pressure in an applied multistimulus environment (Palada et al.,
2018), and in a dual-task environment with multiattribute stimuli
(Palada, Neal, Strayer, Ballard, & Heathcote, 2019; Palada et al.,
2016). However, these studies used artificial or controlled stimuli
that were quite removed from their inspirations in the field. That is,
these studies opted for a high level of control to ensure that the
tasks were amenable to evidence accumulation models. For exam-
ple, the maritime surveillance task used by Strickland et al. (2019)
used basic target features and classification rules, and the air traffic
control task used in Boag et al. (2019) only presented one pair
aircraft pair per trial. In this article, we examine whether the LBA
can provide a coherent account of decisions in the domain of
fingerprint discrimination using a task that bears a strong resem-
blance to the task in the field where the stimuli are far less
controlled.

The LBA model architecture is shown in Figure 1. In fingerprint
discrimination, a person must decide whether two fingerprints
come from the same finger or from different fingers. In this case,
the model includes two evidence accumulators, each correspond-
ing to a different response alternative (same finger vs. different
finger). The LBA assumes that the level of evidence in each
accumulator at the start of the decision process is sampled from a
uniform distribution with a lower boundary of zero and an upper
boundary of A. The rate of evidence accumulation within a trial is
sampled from a normal distribution with mean v and standard
deviation sv. The rate of evidence accumulation for each accumu-
lator depends on the stimulus. For example, in cases where the two
fingerprints come from the same finger, the mean rate of evidence
accumulation will be higher for the accumulator corresponding to
the same finger response than for the accumulator corresponding
to the different finger response. All else being equal, this means
that the same finger response is more likely to be triggered. A
response is triggered when the level of evidence in an accumulator
reaches the threshold (b) associated with that response alternative.
As the two accumulators’ race toward their respective response
threshold, the winning accumulator will make the corresponding
response (i.e., a same finger response in Figure 1). The response
threshold may be the same between the different alternatives (as in
Figure 1), or it may differ. Finally, the model includes a nondeci-
sion time parameter (7,,). Observed response times are accounted
for by first partitioning the response times into nondecision time
and decision time components. Nondecision time reflects the sum
of times for stimulus encoding and response production. The
decision time, and observed responses, are reflected by the inputs
and operation of the evidence accumulation model; hence, the two
evidence accumulators racing toward the threshold.

The LBA can be used to quantify the latent cognitive processes
underlying decision making. The model captures response caution
(i.e., the amount of information required to reach a decision) and
response bias via the response threshold parameter. Lower re-
sponse thresholds produce quicker, more error prone responses,
because less evidence is feeding into the final decision. Higher
response thresholds produce slower, but more accurate responses,
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Figure 1. The standard linear ballistic accumulator model applied to fingerprint identification and associated
parameters: Response threshold (b), mean rate (v), rate variability (sv), start-point (A), and nondecision time
(Ter). See the online article for the color version of this figure.

because more evidence is being considered. Differences in thresh-
olds between response alternatives produce a bias in favor of the
response with the lower threshold, because less evidence is re-
quired to trigger that response than the competing response(s). The
LBA captures the discriminability of the stimulus via the rate
parameters. The mean rate between the two evidence accumulators
can be used to account for changes in the speed of information
processing and the rate variability parameters captures the heter-
ogeneity in the quality of the stimulus and attention (Palada et al.,
2018; Ratclift, 1978).

Modeling Fingerprint Discrimination

We use three experiments to test the ability of the LBA to
account for fingerprint discrimination decisions made by novices.
Experiment 1 provides an initial test of whether the LBA is able to
account for the patterns of choices and response times using an
experiment in which the only manipulation is whether the stimuli
were from the same finger versus different fingers. Experiment 1,
to our knowledge, provides the first application of evidence accu-
mulation models to fingerprint discrimination. Experiment 2 ex-
amines whether the parameters of the LBA are sensitive to ma-
nipulations of speed-accuracy emphasis and stimulus noise. We
use these traditional benchmark manipulations to test whether the
parameters of the model can be interpreted in a meaningful way,
consistent with the interpretations made in studies involving other
types of decisions (Donkin & Brown, 2018). Experiment 3 uses the
LBA to examine the cognitive processes underlying the effects of
training on fingerprint discrimination.

We analyzed data using Bayesian estimation. Under the Bayes-
ian framework, the statistical conclusions made are not dependent
on the stopping rule during data collection (Rouder, 2014). As our
emphasis is in cognitive modeling, the most important issue for
power is number of trials per participant rather than the number of
participants (Kolossa & Kopp, 2018; Smith & Little, 2018). The
number of trials per participant we used is consistent with the

recommended sample size for reliable parameter estimation using
the LBA (Visser & Poessé, 2017). At the same time, our sample
sizes are larger than the typical “psychophysical” design discussed
by Smith and Little (2018; e.g., four subjects), even though we had
high power in terms of low measurement error because of a large
number of trials per participant.

Experiment 1

In Experiment 1, we take the first step in examining how the
LBA can be used to understand fingerprint discrimination deci-
sions. Specifically, we test whether the model can account for the
empirical patterns of choices and response times when individuals
are faced with the task of discriminating whether two fingerprints
originated from the same finger versus different fingers.

Method

Participants and stimuli. Thirty-six psychology undergradu-
ate students (28 women and 8 men; mean age = 20.19 years, SD =
4.61) from The University of Queensland participated in this
experiment for course credit. The experiment was approved by the
University of Queensland Human Research Ethics Committee. The
stimuli included 195 fingerprint trios, each consisting of a simu-
lated crime scene print, a fully rolled print from the same finger,
and a fully rolled print from a different finger. The different prints
were sampled randomly for each participant from a pool of 195
prints collected from different individuals. The images were
sourced from the Forensic Informatics Biometric Repository
(Thompson et al., 2013a), and we cropped them to 512 X 512
pixels, isolating the print in the center of the image. Ninety-six
fingerprint pairs (48 same-finger prints and 48 different-finger
prints) were generated for each participant. A random sample of 48
crime-scene prints, sampled from the pool of 195, were paired with
their corresponding same print, and a separate set of 48 crime-
scene prints, sampled randomly from the remaining pool of 147,
were paired with their corresponding different print.
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Procedure. After reading an information sheet about the ex-
periment and watching an instructional video with an example
same-finger trial and different-finger trial, we presented partici-
pants with 96 pairs of fingerprints, one pair at a time. Participants
were instructed to judge whether the two prints belong to the same
finger, or two different fingers. They provided their judgments by
pressing the “Z” or “/” key. On pressing one of the two response
keys or after 10 s, the two prints disappeared, with a 1 s interval
before the next pair were displayed. Participants were encouraged,
in the instructional video, to respond within 10 s; not doing so
recorded an “NA” response. We collected participants’ keypresses
and time to respond on each trial.

We randomly varied whether a “Z” keypress indicated a match
(i.e., same-finger prints) or mismatch response (i.e., different-
finger prints). A random selection of participants were instructed
to respond by pressing “Z” if they thought the two prints were
from the same finger (and “/” if they thought they were from
different fingers), and the remaining participants responded by
pressing ““/” if they thought the two prints were from the same
finger (and “Z” if they thought they were from different fingers).
Each participant’s particular response-key arrangement was re-
flected in the instructional video they viewed at the beginning of
the experiment. We also displayed a 1376 X 848 images of the
keyboard at the bottom center of the computer screen throughout
the experiment with the labels “Same” and “Different” in bold,
black text above the two corresponding response keys. The key-
board image was semitransparent, other than the two response keys
and the labels (see Figure 2 for a screenshot of what participants
see on a given trial).

Results

Censoring of rapid RTs was not required as the fastest observed
reaction time (RT; 311ms) was sufficient to make a valid decision.

Extended RTs were not censored so that we could account for the
entire distribution of valid RT performance (i.e., RTs ranging 250
ms and the 10 s response deadline were included in the analysis).
We removed three participants with a high nonresponse rates
(>10%), where one participant had a 20% nonresponse rate, and
two participants both had a 27% nonresponse rate. The remaining
participants had 10% or less missing data.

Discrimination performance. We examined the effect of the
stimulus type manipulation on the RTs for correct responses, the
RTs for incorrect responses, and accuracy. These analyses were
run using R (R Development Core Team, R Core Team, 2016),
using the brms package to conduct Bayesian generalized linear
mixed-models (GLMM; Biirkner, 2017). Priors were consistent
across outcome variables (Cauchy prior; location = 0, scale = 2)
for fixed effects and random intercepts; the latter was zero-
truncated. Other priors used the default specifications in brms. We
present the posterior estimates of regression coefficients (b) with
two-tailed 95% credible intervals (CIs) presented in square brack-
ets. We infer credible effects where the CI does not cross zero
(Kruschke, 2014).

Correct and incorrect RTs quantiles (0.1, 0.5, and 0.9), and
mean accuracy are shown in Figure 3. Stimulus type did not have
a credible effect on correct RTs (b = —0.02 [—0.04, 0.00];
same-finger prints = 3.15 s vs. different-finger prints = 3.27 s)
or on incorrect RTs (b = 0.03 [0.00, 0.06]; 3.64 vs. 3.43 s).
There was a credible effect of stimulus type on accuracy, such
that participants were less accurate when responding to same-
finger prints compared with different-finger prints (b = —0.11
[—0.19, —0.04]; 67 vs. 71%).

LBA modeling and analysis. To apply the LBA, the re-
searcher must specify which model parameters should be allowed
to vary with experimental factors and accumulator related factors.
Table 1 outlines the model parameterizations and the total number

“Same”

“Different”
a

Figure 2. A screenshot of a single trial. Participants in all three experiments were presented with the same basic
visual display of two fingerprints (same-finger prints in this instance) and a keyboard response map on each trial.
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Figure 3. Experiment 1: Fits of the linear ballistic accumulator (LBA) to mean accuracy (left graph), and
quantiles of correct (middle graph) and incorrect response times (right graph) of the fingerprint discrimination
task. The bars show the 95% quantiles of the posterior predictives.

of parameters for the three experiments. For Experiment 1, mean
rate (v) is allowed to vary depending on the stimulus factor
(same-finger prints vs. different-fingers prints). We allow mean
rate to vary with a “match” factor, which reflects whether the
response that the accumulator triggers “matched” the stimulus
presented in the trial. In other words, the match factor indicates
whether the accumulator corresponded to the correct response for
the presented stimulus. The accumulator for the correct response is
referred to as the “matching” accumulator, because the response it
triggers “matches” the stimulus. The accumulator for the incorrect
response is referred to as the “mismatching” accumulator, because
the response it triggers mismatches the stimulus. We allow rate
variability (sv) to vary by the match and stimulus factors, with the
latter hypothesized to account for heterogeneity in the features
between same-finger prints and different-finger prints. We allow
threshold (b) to vary by the response factor (same finger vs.
different finger) so that we can account for any biases in respond-
ing. As is common practice (e.g., Brown & Heathcote, 2008), we
express response caution as the difference between the raw thresh-
old and the maximum starting point of evidence (denoted B). This
provides a pure measure of caution that is not contaminated by
individual differences in starting point variability. Starting point
variability (A) and nondecision time (¢0) are constrained to a single

Table 1

estimated value. To ensure that the model is identifiable, we
constrain the rate variability for the mismatching accumulator for
different-finger trials to 1.0 (Donkin, Brown, & Heathcote, 2009).

We implemented the LBA using a hierarchical Bayesian frame-
work, which assumes that parameters vary across individuals but
are drawn from common population distributions. The individual-
level parameters were modeled using normal or truncated normal
distributions. The A, B, and sv, parameters had a lower bound of 0
and no upper bound. The 0 parameter had a lower bound of 0.1
and an upper bound of 1. The v parameters were unbounded. The
population distribution for each individual-level parameter re-
quires two population-level parameters: location and scale. The
priors of the location and scale parameters were modeled using
normal or truncated normal distributions. The details of the priors
are provided in online supplemental materials. The posterior dis-
tributions were estimated using the differential evolution MCMC
algorithm (Turner, Sederberg, Brown, & Steyvers, 2013), as im-
plemented by the Dynamic Models of Choice package in R
(Heathcote, Lin, Reynolds, Strickland, Gretton, & Matzke, 2019;
see online supplemental materials for information about the num-
ber of chains and assessing convergence).

As can be seen in Figure 3, the model provides a good fit to
mean accuracy for both types of stimuli. The model also provides

Linear Ballistic Accumulator Model Parameterization for the Three Experiments

Experiment Model Start point (A) Threshold (B) Rate (v) Rate variability (s,) Nondecision time (t,,) Total
Experiment 1 Factors — R S, M S, M — 11
NF 1 2 4 3 1
Experiment 2 Factors — SA,R SA,N, M, S S, M — 25
NF 1 4 16 3 1
Experiment 3 Factors — F,B,R F,B,M, S F,B,S,M — 21
NF 1 4 8 7 1

Note.

Experimental factors are stimulus type (S), speed-accuracy emphasis (SA), noise (N), feedback (F), and block (B). Accumulator factors are match

(M) and response (R). “Total” refers the total number of parameters in the model; NF = number of factors. In Experiment 3, feedback was manipulated
between-person; we fit the two feedback groups separately; therefore, feedback factor (F) does not contribute to the number of model parameters.
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a good fit to the RT distribution for correct and incorrect re-
sponses. There is some evidence of underestimation of RTs for the
0.9 quantile, with data falling just outside of the credible interval
of the model predictions. However, such overestimation at the
higher quantiles is common when modeling complex tasks (e.g.,
Palada et al., 2018, 2016).

We next examined the posterior estimates of model parameters
to examine how they accounted for the patterns observed in
performance data, which are illustrated in Figure 4. To make
inferences about parameters, and account for the uncertainty in
posteriors, we create group-averaged posterior distributions by
averaging every posterior sample across participants. To test for
differences between parameters, we calculated the difference be-
tween parameters for each condition, posterior sample, and partic-
ipant, and then averaged over participants to produce a group
average posterior distribution on the difference in parameters. To
test for an interaction between two factors with two levels each, we
calculated the difference between levels for one factor for each of
the two levels for the other factor; thus, producing two contrasts.
We then calculated the difference between the two contrasts
(Heathcote et al., 2019; Palada et al., 2019).

There was a credible difference in the threshold for the two re-
sponse types, 0.25 [0.14, 0.37], with participants setting a lower
threshold for the different finger response than the same finger re-
sponse. The differences between mean rate for the matching and
mismatching accumulators was credibly greater for different-finger
prints than same-finger prints, 1.30 [1.10, 1.51]. There was a credible
interaction between stimulus type and match factor on variability in
the rate of evidence accumulation, —0.99 [—1.13, —0.84], such that
for same-finger prints, the rate variability for the matching (i.e.,
correct) accumulator was greater than the rate variability for the
mismatching (i.e., incorrect) accumulator, whereas the opposite oc-
curred for different-finger prints, though to a lesser extent. In the
LBA, greater rate variability for the matching accumulator can ac-
count for the typically observed slow error response times. In contrast,
greater variability in the mismatching accumulator compared with the
matching accumulator can account for relatively fast errors (Heath-

cote & Love, 2012), and as shown in Figure 3, errors were relatively
faster for different-finger prints compared with same-finger prints.

Under the LBA architecture, greater evidence quality can be driven
by a greater difference between mean rates between the two accumu-
lators, differences in rate variability, or both. Figure 5 plots the rate of
evidence accumulation using the median of the posterior estimates of
mean rates and rate variability. The distributions illustrate the ana-
logues of signal and noise distributions from signal detection theory
(SDT) and, therefore, allows for an inference of the analogues of
sensitivity (i.e., d'), as well as the causes of any differences in
sensitivity. The graph illustrates how sensitivity was greater for
different-finger prints compared with same-finger prints because of
the greater differences in means, and the lesser variability for the
matching accumulator, though this was slightly offset by having
greater variability for the mismatching accumulator.

Overall, the greater accuracy for different-finger compared with
same-finger prints was driven by the greater difference between
the two accumulators, as well as the bias to respond different
finger. While the bias to respond different finger would typically
result in faster response times for different-finger prints than
same-finger prints, as the accumulator has a shorter distance to
reach the threshold, this appeared to be offset by two separate
factors. First, in the case of the correct RTs, the matching (i.e.,
correct) accumulator of the different-finger prints had a less vari-
able rate than the accumulator of the same-finger prints. Second, in
the case of error response times, the mismatching (i.e., incorrect)
accumulator of the different-finger prints had a mean rate that was
lower than the accumulator of the same-finger prints.

Discussion

To our knowledge, this experiment was the first application of the
LBA to examine performance observed in a fingerprint discrimination
task. We found that the model provided a good fit of the observed
accuracy and full distribution of correct and incorrect RTs. Moreover,
the LBA revealed aspects of the decision-making processes that could
not be inferred from the performance data alone.

25 4 -+ Match © Mismatch 3.0 - Match © Mismatch
2.0 25
3
> 20
2 15 & =
S E: g
< Q
F 1.0 = 3 2
T 10
1 E-.__
0.5 E 0.5
0.0 0 0.0
"Same" "Different" Same Different Same Different
Response Type Stimulus Type Stimulus Type

Figure 4. Experiment 1: Median parameters estimates for the linear ballistic accumulator (LBA) model,
including response caution (left panel), mean rate (middle panel), and rate variability (right panel). The bars

show the 95% credible intervals.
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Figure 5. Experiment 1: Distribution plots of rates of evidence accumulation for matching and mismatching
accumulators. Columns refer to stimulus type. Distributions were generated using posterior medians. Vertical
line reflects zero truncation of rate sampling. See the online article for the color version of this figure.

Participants required more evidence before deciding that prints
were left by the same finger, compared with deciding they were left
by different fingers, indicating that participants were biased toward
responding different. The bias to respond different is contrary to
previous studies applying signal detection theory to fingerprint dis-
crimination (Searston et al., 2016; Thompson et al., 2013a). However,
this prior research used highly similar different-finger prints that were
intended to be challenging for both novices and expert. We did not use
highly similar different-finger prints. Rather, we used dissimilar
different-finger prints by randomly pairing fingerprints so that we
would have a sufficient number of different-finger trials for model
fitting. As a result, the different-finger prints appeared more different
than prints used in previous research. We also used simulated crime
scene prints that result in considerable variability among same-finger
prints because of distortion, pressure, partial contact, and surface type.
Therefore, our same-finger prints tended to appear different because
of the different features that were visible. These features of our design
together may have contributed to the different response being more
salient in our paradigm.

The model revealed that participants had greater discriminabil-
ity for different-finger prints than same-finger prints. The model
also revealed greater variability in the rate of evidence accumula-
tion of the matching accumulator for same-finger prints compared
with different-finger prints, which suggests that the processing of
same-finger prints was more heterogenous than different-finger
prints. Our use of dissimilar different-finger prints and crime-scene
prints may explain why we observed these effects. Specifically,
identifying different-finger prints can be done effectively and with
little variability because the individual could easily identify dis-
similar prints of fingerprints. In contrast, identifying same-finger
prints could require additional and more variable processing be-

cause the individual needs to conduct an exhaustive evaluation of
the within-finger differences to rule them out as merely contextual
differences that resulted from them being crime-scene prints.

Experiment 2

Experiment 1 provided initial evidence that the LBA can account
for performance in a fingerprint discrimination task. However, ade-
quate model fit to observed data is insufficient to establish model
validity. To build stronger evidence that the LBA can be used to
understand fingerprint discrimination, we next examine whether the
model parameters change in predictable ways in response to experi-
mental manipulations and our theoretical understanding of their ef-
fects (Donkin & Brown, 2018). In Experiment 2, we examine the
interpretability of model parameters by manipulating emphasis type
(speed vs. accuracy) and noise (no noise vs. noise). We expect that
emphasis type will affect parameters associated with the termination
of the decision process itself (i.e., response threshold), whereas noise
will affect parameters associated with the inputs to the decision
process (i.e., rate of evidence accumulation). However, as we describe
in the LBA modeling and analysis section, and consistent with current
modeling procedures, we test for the possibility that emphasis type
also affects the rate of evidence accumulation (Palada et al., 2016;
Rae, Heathcote, Donkin, Averell, & Brown, 2014).

Method

Participants and stimuli. A second group of 70 psychology
undergraduates (36 women and 34 men) with an average age of
19.71 (SD = 5.01) from The University of Queensland partici-
pated in Experiment 2 in return for course credit. The image-set
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was the same used in Experiment 1. We duplicated this entire set
of images and added 20% of artificial noise or “speckle” to the
duplicates, such that there was a noise and no noise “twin” of every
image in the set (see Figure 6). For each participant, we then
randomly sampled a total of 192 fingerprint trios, with a random
half of these (96 trios) taken from the no noise set, and the other
half taken from the duplicated noisy set. That is, the fingerprints
were randomly and equally sampled from the noise or no noise sets
for each participant. For each of the noise and no noise image sets,
arandom 48 crime-scene prints were paired with their correspond-
ing same-finger print, and 48 crime-scene were paired with their
corresponding different-finger print.

Procedure. The pre-experiment procedure was the same as in
Experiment 1 with participants watching an instructional video de-
scribing the task and walking through an example same-finger trial
and different-finger trial. We then presented participants with the 192
fingerprint pairs, one at a time, split into four blocks: Noisy prints with
speed prompts, noisy prints with accuracy prompts, no noise prints
with speed prompts, and no noise prints with accuracy prompts. We
presented these blocks in a randomized order for each participant. For
the two blocks emphasizing speed, we presented participants with

“Speed Up” in black text during the intertrial interval when they
responded after 5 s of exposure to the prints. Participants also viewed
a short video before each of the speed blocks instructing them to
respond as quickly as possible for the next series of cases. For the two
blocks emphasizing accuracy, participants were instructed to respond
as accurately as possible, and were presented with “Slow Down” in
black text during the intertrial interval each time they responded
before 5 s had elapsed. The 5 s boundary was informed by the
response time data observed in Experiment 1, where 80% of re-
sponses were faster than 5 s. We used this 80% criterion as the time
window for prompting fast or slowed responses. As in Experiment 1,
participants were instructed to judge whether the two prints belong to
the same finger or two different fingers using “Z” and “/”” as response
keys. The procedure for advancing through the trials was also the
same as Experiment 1, with a 10 s response window and a 1 s interval
between trials.

Results

We removed one participant with a nonresponse rate of 17.28%.
The nonresponse rates for the remaining 69 participants ranged be-

Figure 6. Experiment 2: An example same-finger prints as original without any noise (top), and with 20%
noise added to the images (bottom).
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tween 0.00 and 8.85%. Consistent with modeling of simple-choice
tasks, we censored RTs less than 250 ms (0.75% of the data); more
rapid RTs would be insufficient to make a valid decision.

Discrimination performance. We used the same statistical
procedures as outlined in Experiment 1 to analyze discrimination
performance (correct and incorrect RTs, and accuracy). Predictors
included stimulus type, noise (no noise vs. noise), and emphasis
type (speed vs. accuracy). Statistical results are shown in Table 2.
Correct and incorrect RTs quantiles (0.1, 0.5, and 0.9), and mean
accuracy are shown in Figure 7.

As expected, there was a credible main effect of emphasis type
on correct RTs and incorrect RTs, such that responses were con-
siderably faster under speed emphasis compared with accuracy
emphasis (correct: 2.10 vs. 5.31 s; incorrect: 2.20 vs. 5.60 s).
While there was a credible two-way interaction between noise and
emphasis type on correct RTs, the effect was not substantial; the
difference in correct RTs between no-noise and noisy prints under
speed emphasis was 0.14 s, whereas the difference under accuracy
emphasis was 0.08 s. Incorrect RTs were credibly faster for
different-finger prints compared with same-finger prints (3.77 vs.
3.90 s). There was a credible interaction between stimulus type and
noise on accuracy; for same-finger prints, accuracy declined for
prints with noise compared with print without noise, whereas noise
did not affect accuracy for different-finger prints. Finally, there
was a credible, but weak interaction between stimulus type and
emphasis-type on accuracy; whereas accuracy did not differ be-
tween emphasis types for same-finger prints, accuracy slightly
improved for different-finger prints under accuracy emphasis com-
pared with speed emphasis.

LBA modeling and analysis. Selective influence—the idea
that the effect of an experimental manipulation is captured by a
single model parameter—has been important for the benchmark-
ing of evidence accumulation models. A fundamental assumption
of selective influence is that the effects of speed-accuracy empha-
sis is captured by the changes in the response caution (i.e., thresh-
old). However, this assumption has recently been challenged.
Using basic laboratory tasks, for example, Rae et al. (2014) found
that as expected, individuals reduced their response threshold
under a speed emphasis. They also found an increase in mean rate
under accuracy emphasis and concluded that prioritizing accuracy
produces an increase in the quality of information accumulated
from the stimulus. Palada et al. (2018), however, have found some
evidence for selective influence in complex tasks. They show that
distinct determinants of time pressure had selective influence on

Table 2

cognitive processes; for example, in Study 2 the number of stimuli
influenced threshold, whereas the time available influenced the
rate at which information was accumulated.

In Experiment 2 we test whether the parameters respond to the
experimental manipulations in a theoretically coherent way. We
allow emphasis type to influence both threshold and mean rate.
Initially, we also sought to test whether noise would affect thresh-
old and mean rate. However, this model was unstable, so we had
to simplify the model by constraining threshold across levels of
the noise manipulation. We believe this assumption is reasonable
because previous research has found that noise does not influence
threshold. For example, Palada et al. (2016) used a similar noise
manipulation and found that it affected inputs to the decision
process (i.e., mean rate), but not the response threshold. The fit of
the model after making this simplifying assumption was still very
good. The model parameterization was otherwise consistent with
Experiment 1, such that rate variability was influenced by the
match factor and stimulus type, where nondecision time and start
point variability were estimated across experimental conditions
(see Table 1).

We used the same modeling approach as Experiment 1. First,
the model provided a good fit to mean accuracy and the distribu-
tion of correct and incorrect RTs (see Figure 7). Second, we
examine the posterior estimates of model parameters to understand
how the model explains the effects of noise and emphasis type
manipulations on discrimination performance. The parameter es-
timates are shown in Figure 8. Table 3 presents the effects of the
experimental manipulations and the accumulator related factors on
model parameters.

Emphasis type had a credible effect on threshold, such that
participants had a considerably higher threshold under accuracy
emphasis compared with speed emphasis. There was a credible
three-way interaction between stimulus type, noise, and emphasis
type on the differences between mean rate for the matching and
mismatching accumulators. Under accuracy emphasis, the differ-
ence in mean rates was greater for different-finger prints compared
with same-finger prints, and this effect was stronger for prints
without noise compared with prints with noise. The same effect
was observed under speed emphasis for prints with noise. For
prints without noise, there was no difference in mean rates between
same-finger prints and different-finger prints. Finally, there was a
credible two-way interaction between stimulus type and the match
factor on the variability in the rate of evidence accumulation. Rate
variability for the matching (i.e., correct) accumulator was greater

Experiment 2: Bayesian Generalized Linear Mixed-Model Coefficients for Discrimination Task

Performance Measures

Effect Correct RT Error RT Accuracy

S —0.01 [—0.02, 0.00] 0.02 [0.01, 0.03] —0.13[-0.17, —0.10]
N 0.01 [0.00, 0.02] 0.00 [—0.01, 0.01] —0.10 [—0.14, —0.07]
SA —0.48 [—0.49, —0.47] —0.50 [-0.51, —0.49] —0.04 [—0.07, 0.00]
S.N 0.01 [0.00, 0.02] —0.01 [—0.02, 0.01] —0.08 [—0.11, —0.04]
S.SA —0.01 [—0.02, 0.00] 0.00 [—0.01, 0.01] 0.04 [0.00, 0.07]
N.SA 0.02 [0.01, 0.02] 0.01 [0.00, 0.03] 0.02 [—0.02, 0.05]
S.N.SA 0.01 [0.00, 0.02] —0.01 [-0.02, 0.01] —0.01 [—0.05, 0.03]

Note. RT = response times. Experimental effects are stimulus type (S), noise (N), and emphasis type (SA);

95% credible intervals (CIs) are in square brackets.
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Figure 7. Experiment 2: Fits of the linear ballistic accumulator (LBA) to mean accuracy (left graph), and
quantiles of correct (middle graph) and incorrect response times (right graph) of the fingerprint discrimination
task. The bars show the 95% quantiles of the posterior predictives.

than the rate variability for the mismatching (i.e., incorrect) accu-
mulator for same-finger prints, whereas opposite effect occurred
for different-finger prints.

The distribution of rates of evidence accumulation is shown in
Figure 9. The graph shows how sensitivity did not appear to vary
across emphasis and noise conditions for different-finger prints.
Unexpectedly, for same-finger prints presented without noise, sen-
sitivity was greater for prints in the speed condition compared with
the accuracy condition; this was driven by the difference in mean
rates between the two accumulators. From the graphs it is clear that
the decrease in sensitivity for same-finger prints presented with
noise compared with prints without noise was driven by the
decrease in the differences between the two accumulators.

Overall, different-finger prints had greater accuracy compared
with same-finger prints when prints were presented with noise, or
when prints were presented without noise and under accuracy
emphasis. The model captures this by the greater difference in
mean rates between the two accumulators for different-finger
prints compared with same-finger prints. However, the stimuli had
comparable accuracy when presented without noise and under
speed emphasis. The model also captures this by the comparable
difference in mean rates between the two accumulators for both
stimulus types. Emphasis type mainly affected response times and
had a weak effect on accuracy. The considerably faster response
times under speed emphasis compared with accuracy emphasis
was captured by two mechanisms: The lower threshold under
speed emphasis, as well as the greater overall rate of evidence
accumulation.

Discussion

In this experiment, our aim was to determine whether the
LBA could provide an accurate description of the effects of
emphasis type (speed or accuracy) and visual noise (no noise
vs. noise) on fingerprint discrimination decisions. We examined
whether the relationships between model parameters and exper-
imental manipulations would coincide with findings from sim-

pler choice tasks. We hypothesized that emphasis type would
influence parameters concerned with the termination of the
decision process itself (i.e., threshold), whereas visual noise
would influence the inputs to the decision process (i.e., the rate
of evidence accumulation). Our hypothesis regarding noise was
supported. Our hypothesis regarding emphasis type was par-
tially supported—in line with recent evidence (e.g., Rae et al.,
2014), we found that emphasis type affected mean rate in
addition to affecting threshold.

We found that emphasis type affected response caution, or the
quantity of evidence required to reach a decision. Participants
reduced their response caution under speed emphasis compared
with accuracy emphasis to accelerate the decision process, as the
accumulator has a shorter distance to travel and reaches the thresh-
old sooner. Contrary to Experiment 1, we did not find evidence of
a bias to respond different. We suspect that participants were not
willing to adopt a different response bias under the experimental
conditions as the bias would exacerbate the relatively poor perfor-
mance for same-finger prints in this experiment, which was worse
than in Experiment 1.

In line with recent studies (Rae et al., 2014), emphasis type also
influenced mean rate. The overall mean rate of evidence accumu-
lation, as indexed by the mean of the matching and mismatching
accumulators was considerably higher under speed emphasis com-
pared with accuracy emphasis. This suggests that participants
processed evidence faster under the speed emphasis. This finding
is consistent with Palada et al. (2018) who found that individuals
increased their rate of evidence accumulation under tighter dead-
lines. Contrary to Rae et al. (2014), we did not find evidence that
the quality of evidence, as indexed by the difference between the
two accumulators, increased under accuracy emphasis compared
with speed emphasis. However, we provide evidence for Rae et
al.’s conclusion that whether emphasis type primarily affects the
speed or quality of evidence accumulation depends on whether the
manipulation largely affects responses times or accuracy, respec-
tively.
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Figure 8. Experiment 2: Median parameters estimates for the linear ballistic accumulator (LBA) model,
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bars show the 95% credible intervals.

As expected, we found that noise negatively influenced discrim-
inability, though this only occurred for same-finger prints. The
decrease in discriminability was driven by the difference in mean
rates between the two accumulators and captured the decline in
accuracy for same-finger prints presented with noise compared
with prints presented without noise. In contrast, noise did not
affect the discriminability of different-finger prints, which explains
why no change in accuracy was observed between noise condi-
tions. In line with our interpretation of the results from Experiment
1, we suspect that the between-finger differences inherent in the
materials used in this experiment explain why we did not observe
an effect of noise on different-finger discriminability. Specifically,
the asymmetrical effects of noise on discriminability may have
resulted from the noise manipulation being sufficiently strong to
obscure similarities among same-finger prints (thereby decreasing
discriminability for these prints), but not sufficiently strong to
obscure differences between different-finger prints (thereby failing
to reduce discriminability for these prints).

Overall, Experiment 2 suggests that the LBA model parameters
can be interpreted meaningfully in the context of fingerprint dis-

crimination. Consistent with studies using basic tasks (e.g., Rae et
al., 2014), emphasis type influenced both response caution and rate
of evidence accumulation (albeit in the opposite direction to what
some previous research has found), whereas noise selectively
influenced discriminability.

Experiment 3

In Experiment 1 and 2, we showed that the LBA can accurately
capture fingerprint discrimination performance, and that model
parameters can be mapped meaningfully to the underlying cogni-
tive processes they are thought to reflect. In particular, speed-
accuracy emphasis influenced response caution in a manner con-
sistent with theory and previous research. Noise also reduced
discriminability, but only for same-finger prints. In Experiment 3,
we examine how novices’ decision-making processes evolve over
time by using the LBA to quantify any change in decision pro-
cesses after a feedback training intervention. There are a number of
ways that training could affect decision processes. First, feedback
may alter response biases as participants learn to adjust their prior
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Table 3

Experiment 2: Contrasts for Experimental, Response, and Match Factor Effects on LBA

Model Parameters

Effect Threshold (B) Difference in mean rates (V,,..cn — Vinismaten) Rate variability (sv)
S — —0.38 [—0.51, —0.25] —0.16 [—0.19, —0.12]
N — 0.27[0.17,0.37] —

SA —4.02 [—4.20, —3.85] —0.38 [—0.54, —0.23] —

R —0.17 [—0.35,0.01] — —

M — — —0.05[—0.09, —0.02]
S.N — 0.13 [—0.01, 0.28] —

S.SA — —0.61 [—0.85, —0.36] —

S.M — — 0.32 [0.24, 0.40]
N.SA — —0.28 [—0.48, —0.20] —

R.SA —0.01 [—0.33,0.31] — —

S.N.SA — —0.48 [—0.77, —0.09] —

Note. LBA = linear ballistic accumulator. Factors are stimulus type (S), noise (N), emphasis type (SA),

response type (R), and match type (M); 95% Cls are in square brackets; v,

maren and v o refer to the values

of the matching and mismatching accumulators, respectively. Dashes reflect cases where the model parameter
was not allowed to vary by the effect (see Table 1 for model parameterization).

expectations of stimuli. Second, feedback may improve accuracy
by leading to increased response caution. Alternatively, feedback
may improve accuracy by enhancing the quality of evidence that is
accumulated as the participants learn to attend to more diagnostic
print features—an effect that would be mediated by the rate
parameters (i.e., the mean or variability in the rate of evidence
accumulation). In this experiment, we test for these possible ef-
fects by allowing model parameters to vary with group type
(training vs. no training) and block (pre- vs. posttraining).

Method

Participants and stimuli. A third group of 70 psychology
undergraduates (48 women and 21 men) with an average age of
20.13 (SD = 3.88) from The University of Queensland partici-
pated in Experiment 3 in return for course credit. The image-set
was identical to Experiment 1, and we generated 192 fingerprint
pairs (96 same-finger prints and 96 different-finger prints) for each
participant using the same method. There were 32 same-finger
prints and 32 different-finger prints in each of the pretest, training,
and posttest conditions.

Procedure. Participants were randomly assigned to either the
feedback or no-feedback condition. The pre-experiment procedure
was the same as in Experiment 1 and Experiment 2; participants
watched an instructional video, which consisted of the task de-
scription and an explanatory example of both same-finger prints
and different-finger prints. Participants were then presented with
192 pairs of fingerprints, one at a time, in three blocks of trials. In
the first block, the pretest phase of the experiment, 64 pairs of
fingerprints were presented. In the second block, the training
phase a new set of 64 fingerprints were presented; feedback
participants were presented with “Correct” in green text, or “In-
correct” in red text, corresponding to whether they correctly clas-
sified the pair of fingerprints and no feedback participants viewed
a blank screen between trials. In the third block, the posttest phase,
a new set of 64 fingerprints were presented without feedback. As
in Experiments 1 and 2, participants were instructed to classify the
prints as originating from the same finger with the “Z” key, or
from different fingers using the “/” key.

Results

Nonresponse rates across participants ranged between 0.00 and
5.21%. No participants were removed from analyses because none
had a nonresponse rate greater than 10%. However, five responses
less than 250 ms were censored.

Discrimination performance. We used the same procedure
as Experiment 1 to analyze Experiment 3 performance. The ex-
perimental factors included stimulus type, block (pretraining vs.
posttraining), and feedback group (feedback vs. no feedback).
Results are shown in Table 4 and Figure 10. There was a credible
three-way interaction on accuracy. For those in the no-feedback
group, accuracy was stable across blocks for both stimuli. In
contrast, for those in the feedback group, accuracy improved for
same-finger prints after receiving training, whereas accuracy
slightly decreased for different-finger prints. There was a credible
effect of block on correct and error RTs, such that RTs were faster
at posttest compared with pretest (correct RTs: 2.74 vs. 3.57 s;
error RTs: 3.30 vs. 4.10 s). Error RTs were also faster for different-
finger prints (3.59 s) than same-finger prints (3.80 s).

LBA modeling and analysis. We used the LBA to examine
how the processes underlying fingerprint discrimination change
over time and in response to feedback. The model parameterization
is shown in Table 1. We allow threshold and mean rate to vary
with block and training, and also allow mean rate to vary between
stimuli. As we are interested in the general effects of training on
the inputs to the decision processes (i.e., rate parameters), we also
allow rate variability to vary with the experimental factors. The
estimates of nondecision time and start point variability were
constrained across experimental conditions, such that only a
single value was estimated for each parameter (see Table 1). We
used the same modeling approach as in Experiments 1 and 2.
However, because we fit models separately for each feedback
group (as feedback group was manipulated between participants),
nondecision time (70), start point variability (A), and rate variabil-
ity (sv) also varied across feedback conditions. As can be seen in
Figure 10, the model provides an excellent fit to the data for both
feedback groups.
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Figure 9. Experiment 2: Distribution plots of rates of evidence accumulation for matching and mismatching
accumulators. The top four quadrants correspond to speed, while the bottom four quadrants correspond to
accuracy emphasis. Rows alternate between prints without noise and with noise. Columns refer stimulus types.
Distributions were generated using posterior medians. Vertical line reflects zero truncation of rate sampling. See

the online article for the color version of this figure.

Figure 11 displays the estimates of response caution, mean rates,
and variability in the rate of evidence accumulation. We used the
same procedure as Experiments 1 and 2 to analyze the results, with
experimental and accumulator related effects shown in Table 5.
For response caution, all two-way interactions were credible,
though there was an interesting trend when considering all three
factors (group, block, and response type). At pretest, both groups
set a lower threshold to respond different finger compared with the
threshold to respond same finger. For the no-feedback group, the
strength of this effect weakened at posttest, such that the threshold
became more similar between the response options. For the feed-
back group, the effect reversed, such that participants set a higher
threshold to respond same finger compared with the threshold to
respond different finger. At posttest, the feedback group was also
generally more cautious than the no-feedback group.

There was a credible three-way interaction between block,
group, and stimulus type on the difference in mean rates. At

pretest, both groups had a difference in mean rates that was higher
for different-finger prints compared with same-finger prints. At
posttest, after having received feedback, the difference in mean
rates became more similar between the two types of stimuli, as the
difference between mean rates improved for same-finger prints.
For the no-feedback group, the difference in mean rates for same-
finger prints did not change from pretest to posttest, whereas the
difference for different-finger prints increased.

There were credible main effects of block, stimulus, and match
factor on the variability in rate of evidence accumulation. Rate
variability was higher at posttest compared with pretest, for
different-finger prints compared with same-finger prints, and for
the matching (i.e., correct) accumulator than for the mismatching
(i.e., incorrect accumulator). The four-way interaction was not
credible. However, Figure 11 shows that the patterns in rate
variability were similar between groups at pretest, whereas there
was some evidence of group differences at posttest. We tested for
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Table 4

Experiment 3: Bayesian Generalized Linear Mixed-Model Coefficients for Task Performance
Effect Correct RT Error RT Accuracy

S 0.01 [0.00, 0.03] 0.04 [0.02, 0.06] —0.14 [-0.19, —0.09]
B —0.15[—0.16, —0.13] —0.13[-0.15, —0.11] 0.03 [—0.01, 0.08]
G —0.06 [-0.12, 0.01] —0.05[—0.13, 0.03] 0.01 [—0.05, 0.08]
S.B 0.00 [—0.02, 0.01] 0.01 [—0.01, 0.03] 0.08 [0.03, 0.12]
S.G 0.00 [—0.01, 0.02] 0.00 [—0.02, 0.02] 0.04 [—0.01, 0.08]
B.G —0.01 [—0.03, 0.00] 0.01 [—0.01, 0.03] —0.01 [—0.06, 0.03]
S.B.G —0.01 [—0.02, 0.00] 0.00 [—0.01, 0.02] 0.10 [0.05, 0.14]
Note. Experimental effects are stimulus type (S), block (B), and group type (G); 95% credible intervals (CIs)

are presented in square brackets.

this by comparing posttest rate variability between accumulators
for each stimulus type. For same-finger prints, the difference in
rate variability between accumulators did not differ between
groups (—0.05 [—0.71, 0.58]). For different-finger prints, the
difference in rate variability between accumulators was greater for
the feedback group compared with the nonfeedback group because
of the greater match variability for the feedback group (—1.00
[—1.67, —0.34]).

The distribution of rates of evidence accumulation is shown in
Figure 12. The graph shows how sensitivity was similar across
groups at pretest. At posttest, any improvement in sensitivity
afforded by the greater difference in means between the distribu-
tions was offset by the increase in variance. As a result, training
did not appear to influence overall sensitivity. Therefore, the
improvement in accuracy for same-finger prints and drop in accu-
racy for different-finger prints for the feedback group resulted
from the reversal in response bias from pretest to posttest. The
generally faster response times from pretest to posttest was cap-
tured by the increase in mean rates, as the accumulators travel
fasters toward the threshold.

Discussion

In this experiment, we used the LBA to understand the cognitive
processes underlying the effects of a training intervention on

- Data ©& Model

fingerprint discrimination. The behavioral data revealed that train-
ing improved same-finger prints accuracy compared with baseline
irrespective of the considerable decrease in response times,
whereas different-finger pair accuracy slightly decreased after
receiving training. As expected, accuracy did not improve over
trial phases for the no-feedback group, though response times
decreased. Our modeling suggests that the effects of feedback on
performance is mediated by a number of cognitive processes,
including response caution and rate variability.

In line with Experiment 1, at pretest, both groups had a bias to
respond different finger by setting a lower response threshold than
the same finger response threshold. The no-feedback group main-
tained this response bias at the posttest phase, though to a much
lesser extent. We suspect that this decline in response bias for the
no-feedback group may have occurred as, over the course of the
experiments, participants may have become aware of the relative
frequency with which they responded different finger compared
with same finger and sought to balance their response frequency
between the response alternatives. The feedback group, by con-
trast, reversed their response bias after having received training. In
this case, the feedback provided in the training phase may have
made participants aware of their lower accuracy for same-finger
prints compared with different-finger prints. The reversal of the
response bias may reflect an attempt to compensate for this dis-
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Figure 10. Experiment 3: Fits of the linear ballistic accumulator (LBA) to mean accuracy (left graph), and
quantiles of correct (middle graph) and incorrect response times (right graph) of the fingerprint discrimination
task. The bars show the 95% credible intervals of the posterior predictives.
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Table 5

Experiment 3: Contrasts for Experimental, Response, and Match Factor Effects on LBA

Model Parameters

Effect Threshold (B)

Difference in mean rates (v,

match — Vmismatch) Rate variability (sv)

— —0.63[—0.91, —0.36]
0.29[0.09, 0.49]
—0.52[—-0.88, —0.15] —

S

B —0.62 [—0.79, —0.45]
G 0.02[—0.18, 0.13]
R 0.26 [0.13, 0.38]

M

—0.13 [—0.25, —0.02]
—1.12 [—1.26, —0.98]

— 1.04[0.92, 1.17]

S.B — —0.08 [—0.39, 0.23]

S.G — —0.45 [—1.00, 0.10] —

B.G —1.11 [—1.45, —0.77] —0.76 [—1.16, —0.37] —

B.R 0.62 [0.37, 0.88] — —

GR 0.50[0.25, 0.75] — —

S.B.G — —1.06 [—1.68, —0.44] —

R.B.G —0.24 [—0.75, 0.25] — —

S.B.G.M — — 0.69 [—0.36, 1.75]
Note. LBA = linear ballistic accumulator. Factors are stimulus type (S), block (B), group type (G), response

type (R), and match type (M); 95% credible intervals (ClIs) are in square brackets; v,

match and Vmismatch refer to

the values of the matching and mismatching accumulators, respectively. Dashes reflect cases where the model
parameter was not allowed to vary by the effect (see Table 1 for model parameterization).

crepancy in accuracy. This observation is consistent with Palada et
al. (2018), who found that individuals adopted a response bias
corresponding to the choice with poorer accuracy. This observa-
tion is also consistent with prior signal detection modeling of
novices’ fingerprint discrimination decisions (Searston et al.,
2016), showing opposite patterns of response bias across experi-
ments with and without feedback.

There was some evidence that training had an effect on the inputs
to the evidence accumulation process, more specifically on the vari-
ability of evidence accumulation. Rate variability generally increased
from pretest to posttest. There was a trend for this effect being
stronger for the feedback group. Specifically, the rate variability for
the match accumulator for different-finger prints increased after hav-
ing received training, such that it became greater than the rate vari-
ability for the match accumulator of same-finger prints. It seems
unlikely that this was an artifact of the stimuli, as heterogeneity was
similar across pretest and posttest blocks. Rather, this pattern of
results suggests that training may have led to an attempt to strategi-
cally change in the information that was attended to when discrimi-
nating prints. The process of changing strategy would have increased
rate variability." The change in processing also appears to have
negatively influenced the effectiveness in processing different-finger
prints, and this could also explain why participants reversed their
response bias postfeedback from favoring a same finger finger re-
sponse to a different finger finger response.

General Discussion

Our aim was to model the dynamics of decisions about whether
pairs of fingerprints came from the same finger or different fingers. To
better understand the underlying decision process, we modeled
choices and response times on a fingerprint discrimination task using
a standard evidence accumulation model—linear ballistic accumula-
tion (Brown & Heathcote, 2008). Forensic decision-making about the
source of a crime-scene trace, such as a fingerprint, relies on the
perceptual sensitivity of human examiners to distinguish specimens
that match from those that do not match. Signal detection models have

helped to better quantify the conditions that affect forensic examiners’
discriminability separately from their response bias (Searston & Tan-
gen, 2017b, 2017c; Thompson et al., 2013a). However, forensic
science is fundamentally an evidence accumulation process, and fo-
rensic examiners report taking a great deal of care and time in making
their decisions so as to avoid errors. Evidence accumulation models
offer an opportunity to gain new insights about the underlying cog-
nitive processes of experts by accounting for the time course of their
decisions. As a first step, we sort to test the validity of the LBA as a
model of fingerprint discrimination in three experiments with novices.
The aim of Experiment 1 was to conduct an initial evaluation of
the whether the LBA could account for the patterns of choice and
response times on a fingerprint discrimination task. Overall, the
model provided a very good account of the data, and yielded
insights about the underlying decision process that would not have
been clear from an inspection of the accuracy and response time
data alone. Our analysis revealed, for instance, that the observed
difference in accuracy between our same-finger prints and
different-finger prints is likely because of the combination of two
processes. First, people were biased toward classifying prints as
having originated from different fingers (i.e., they had a lower
threshold for the different finger response). Second, people pro-
cessed information more effectively when examining prints that
had originated from different fingers compared with prints from
the same finger. This finding contrasts with previous studies show-
ing a liberal response bias toward same finger decisions among
novices (e.g., Searston et al., 2016; Tangen et al., 2011; Thompson
et al., 2013b). Because these previous studies used highly similar
distractor prints resembling those often encountered in operational
contexts, this discrepancy in novices’ response biases across stud-
ies may be explained by our random pairing of different-finger
prints. That is, we used dissimilar different-finger prints as op-
posed to the similar different-finger prints used in previous re-
search, such that our set were more distinctively different.

' We thank an anonymous reviewer for this insight.
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Figure 12. Experiment 3: Distribution plots of rates of evidence accumulation for matching and mis-
matching accumulators. The top four quadrants show the no feedback group, while the bottom four
quadrants show the feedback group. Rows alternate between pre- and posttraining trials. Columns refer
stimulus types. Distributions were generated using posterior medians. Vertical line reflects zero truncation
of rate sampling. See the online article for the color version of this figure.

The aim of Experiment 2 was to examine how components of
the decision process change when speed or accuracy are empha-
sized and when perceptual noise is added to the stimulus. As
expected, people were more cautious in their responding (i.e., set
higher response thresholds) when accuracy was emphasized com-
pared with when speed was emphasized. We did not observe a
different response bias as found in Experiment 1 and in some
conditions in Experiment 3. We took this lack of difference as
evidence to suggest that the bias may not be robust under more
difficult or time pressured contexts, as adopting a different bias
would have decreased accuracy with the same-finger prints. In-
deed, this explanation is consistent with previous findings demon-
strating that novice and expert examiners display a neutral re-
sponse bias when discriminating fingerprints presented for just 400
ms (Searston & Tangen, 2017b).

We also replicated the finding in Experiment 1 that discrim-
inability is higher when viewing prints that originated from dif-
ferent fingers. This effect was robust to the presence of noise. In
contrast, and as expected, discriminability for same-finger prints
decreased when noise was introduced. In line with recent evidence
(e.g., Rae et al., 2014), we found that emphasis type also influ-
enced mean rate. Because our manipulation of emphasis type
affected response times considerably more than it affected accu-
racy, the effects of emphasis type manifested through the overall
rate at which evidence was accumulated, rather than the differ-
ences in rates of evidence accumulation between the matching and
mismatching accumulators.

For prints that had originated from the same finger, discrim-
inability decreased under accuracy emphasis compared with speed
emphasis. This latter result was unexpected and may highlight a
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unique feature of crime-scene prints. The additional processing
afforded under accuracy emphasis may negatively influence the
discrimination of prints of the same finger because the individual
further processes contextual information (e.g., distortion or pres-
sure) and erroneously takes this as evidence for a different-finger
pair. Under speed emphasis, the individual may only process
information that is at least partially diagnostic of the same-finger
prints, and so accuracy is less affected compared with when
accuracy is emphasized. This conclusion is consistent with Rae et
al. (2014), who suggest that emphasis type may influence the kind
of information accumulated during the decision process. Speed
emphasis, for instance, may focus attention on the more global or
distributed characteristics of fingerprints (e.g., Searston & Tangen,
2017c) that can be gleaned quickly at a glance or in noise (e.g.,
Thompson & Tangen, 2014). Accuracy emphasis, on the other
hand, may focus attention more on the finer features such as the
“minutiae” of a fingerprint. Directly examining the nature of the
information that is extracted while processing fingerprints is a
promising avenue for future research. This approach may involve
examining how participants change the way in which they process
prints (e.g., holistic vs. partial processing) or which features of the
prints are attended to.

The aim of Experiment 3 was to examine how the components
of the fingerprint discrimination process change in response to a
training intervention where participants are given feedback regard-
ing the correct response. The results for the preintervention block
replicated Experiment 1, with people showing a bias toward dis-
criminating prints as originating from different fingers, and also
processing information more efficiently when prints came from
different fingers. The training intervention had the effect of re-
versing this bias: Those who received the intervention showed a
bias toward discriminating prints as originating from the same
finger, as opposed to prints originating from different fingers,
during the postintervention block. We suspect that the response
bias reversed after training because participants attempted to com-
pensate for their poorer accuracy in identifying prints as originat-
ing from the same finger. This result is consistent with prior
studies on novices’ fingerprint discrimination decisions showing a
liberal (same finger) response bias in the absence of feedback, but
a conservative (different finger) response bias in the presence of
feedback (Searston et al., 2016).

Training did not improve overall discriminability. However,
there was some evidence that training influenced the variability in
the rate of evidence accumulation associated with making correct
decisions, particularly for prints that came from different fingers.
We hypothesize that training may have led individuals to change
how they processed prints of prints. From training, individuals
may have learned that differences in the images because of factors
such as pressure, distortion, and completeness do not necessarily
diagnose prints as originating from different sources. As a result,
individuals may have attended to a greater range of information to
inform their decisions, and this would have had a greater impact on
the decision inputs to the prints originating from different fingers.

Across all three experiments, we observed an interesting differ-
ence in the variability of the rate of evidence accumulation be-
tween prints originating from the same versus different fingers. In
general, the variability in the rate of evidence accumulation for the
matching accumulator was greater for prints originating from the
same finger than for prints originating from different fingers. We

argue that the difference in rate variability is because of inherent
features of the stimuli. Different-finger prints can often be identi-
fied fairly easily, by seeking out particular features that, if found,
quickly diagnose the pair as originating from different fingers.
This makes the rate of evidence accumulation fairly reliable, with
less heterogeneity across different fingers resulting in lesser vari-
ability in the rate of evidence accumulation to make a correct
decision. Indeed, such an interpretation is consistent with the
original notion that rate variability captures heterogeneity in stim-
ulus difficulty (Ratcliff, 1978), and recent evidence using hetero-
geneous multi-attribute stimuli (Palada et al., 2018). An experi-
ment measuring rate variability across systematic changes in the
similarity of same and different fingerprint prints could be an
interesting test of this idea in the future.

Overall, our findings suggest that the LBA can accurately re-
produce the empirical patterns of choices and responses times
observed across the three experiments in the fingerprint discrimi-
nation task. The effects of the manipulations on the model param-
eters, however, raise questions about the underlying decision pro-
cess that warrant further research. The pattern of results suggests
that novices may attend to extraneous information that is not
diagnostic in deciding whether the prints originated from the same
or different fingers. Our initial evidence from Experiment 3 sug-
gests that novices can shift this strategy, though future research
should attempt to further understand what information is processed
in fingerprint discrimination. In line with this possibility, our
modeling suggests that the LBA can be used to describe the effects
of training on fingerprint discrimination, which could be used to
inform training interventions. Our results also point to the idea that
the contextual information presented in crime-scene prints can
induce biases, which has implications for fingerprint discrimina-
tion in the field (Dror, 2018). We are not aware of any established
guidelines or thresholds for determining practical significance in
studies of human performance on forensic comparison tasks, such
as fingerprint discrimination. Arguably, however, any manipula-
tion that has a credible effect (credible intervals do not contain
zero) on response bias or discriminability in such tasks could be
considered practically significant, because in operational contexts
a single false alarm error could mean that an innocent person is
wrongly identified and a single miss error could mean that a guilty
person goes free (Towler et al., 2018). Small effects are important
in forensic science because accuracy in the particular case matters,
and interventions that can systematically increase or decrease error
of either kind could have a meaningful impact. Accumulation
models offer a way to capture such effects.

We believe the LBA is a fruitful avenue for understanding
decisions involving naturalistic stimuli because it can model the
dynamics of decision making. We have tested the model in a
decision-making task that bears strong resemblance to the task in
the wild, and to the materials that fingerprint examiners encounter
in practice. The idiosyncratic contextual factors of the task and the
stimuli did not pose a major issue for the evidence accumulation
model, in that it was able to provide an accurate description of
performance. Overall, our experiments continue to extend evi-
dence supporting the wider application of evidence accumulation
to applied tasks that have a close resemblance to their naturalistic
inspiration (e.g., Palada et al., 2018). Further application of evi-
dence accumulation models to fingerprint discrimination could
help us better understand sources of bias in people’s decision
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making, whether they pose a concern for discriminability, and how
to calibrate them. Moreover, the evidence accumulation frame-
work can help to understand how the decision-making process
changes as people transition from novice to expert. The application
of evidence accumulation models to other domains of perceptual
expertise, such as forensic facial comparison (White, Phillips,
Hahn, Hill, & O’Toole, 2015), could inform theory and practice in
ways that were previously not possible. More broadly, further
investigation of whether these models adequately characterize the
underlying dynamics of all kinds of decision processes may pro-
vide theoretically meaningful insights about the cognitive pro-
cesses involved in decisions about naturalistic stimuli.
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