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Abstract

Forensic fingerprint examiners communicate the results of their comparisons using a categorical decision
scale that traditionally has only two or three categories. Newer scales with five categories have been
proposed and, in some cases, adopted. In the present work, we model existing fingerprint comparison data
using an approach that characterizes the amount of information provided by examiner decisions when they
use a given scale. We demonstrate that the five-response-category scale produces an overall higher informa-
tion gain, maintains high information gain even for risk-averse examiners, is more tolerant of non-optimal
decision thresholds, and tends to encourage examiner decision thresholds that are very close to optimal,
especially the critical decision threshold that determines an identification response. We further show that all
of these advantages of the five-response-category scale are robust against variations in the base rates of a
mated pair. In addition, there appear to be relatively few negative aspects of this scale, and larger scales are
unlikely to produce marked improvements over five categories. The current work is an endorsement of
efforts to shift to five-response-category decision scales in the friction ridge discipline.

Keywords: fingerprints; expected information gain; information theory; response categories; signal detection
theory (SDT).

1. Introduction

Forensic fingerprint examination is a technique that provides information about the source of a
latent impression deposited at a crime scene. Historically, examiner observations have been
reported as categorical decisions that provide varying levels of support for or against the propo-
sition that the latent print and a comparison print, for example, a print taken from a suspect,
are from the same source. For example, an identification response indicates that the examiner
believes the same finger made the two impressions and an exclusion response indicates that the
examiner believes different fingers made the two impressions.

Although the specific response terminology has changed over time, fingerprint examination deci-
sions have commonly been made on either a two-response-category scale (e.g., not identification/
identification) or a three-response-category scale (e.g., exclusion/inconclusive/identification). More
recently, standardization groups such as the Organization of Scientific Area Committees (OSAC
2018) and ANSI National Accreditation Board (ANAB) Friction Ridge Working Groups (ASAB
2024) have suggested a move to a five-response-category scale (e.g., exclusion/inconclusive with dis-
similarities/inconclusive/inconclusive with similarities/identification). To date, relatively little work
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has empirically addressed the consequences of expanded decision scales (Carter et al. 2020; Busey
et al. 2022) and none have explored the theoretical value of expanded scales. The main goal of the
current work is to determine the relative value of two-, three-, and five-response-category scales to
the criminal justice system.

An identification response is of greatest interest to the legal system, as it potentially relates an
individual to a crime scene. Erroneous identifications increase the odds of convicting an innocent
person and are considered the most egregious type of error in most legal systems. As such, our
discussion of different response scales acknowledges that minimizing false identifications is an
important goal. However, one cannot assess the comprehensive value of an evidence-gathering
procedure, such as fingerprint examinations, by evaluating a single response category (identifica-
tions) or a single potential consequence (convictions). For example, exclusion responses will
sometimes have meaningful exculpatory value (e.g., if a clear latent print was taken from the
murder weapon) and fingerprint evidence will sometimes be used to inform decisions other than
a trial verdict (e.g., whether an arrest warrant is granted). Thus, researchers and policy makers
need a measure of evidentiary value that considers all potential outcomes of a given fingerprint
comparison procedure and assesses the fundamental purpose of fingerprint comparison, namely,
to provide information about whether latent and comparison prints share the same source.
Ideally, researchers will be able to specify procedures that achieve practical goals (e.g., minimiz-
ing false identifications) while simultaneously maintaining a high information value.

A key contribution of this work is to assess the value of the response scales using the theoreti-
cally grounded and highly influential measure, Expected Information Gain (EIG; e.g., Shannon
1948; Starns, Cohen, and Rotello 2023). Other common approaches to measuring the value of a
response scale, such as ROC and AUC, are addressed in the General Discussion. When applied
to fingerprint examination, EIG provides a measure of the amount of information that will typi-
cally be gained about the relationship between the latent and comparison prints. In particular, a
high EIG means that an examiner’s response is likely to provide substantial information regard-
ing whether or not the prints are from the same source. Similarly, a low EIG means that the ad-
dition of an examiner’s response is likely to add little information. Critically, EIG considers all
possible outcomes of a response scale, for example, exclusion, inconclusive, and identification
for a three-response-category scale, in a theoretically principled way. Furthermore, EIG directly
assesses the amount of information gained by a consumer (e.g., investigators, judges, attorneys,
juries, etc) about the critical question of interest—Are the latent and comparison prints from the
same source?

EIG is well situated to contrast the information provided by different response scales, which
we assess in two main ways. First, EIG is determined for empirical data collected from exam-
iners using three- and five-response-category scales. A two-category response scale, derived from
the three-category response scale responses, is also considered. To preview, there is a large in-
crease in information gained when moving from a two- to a three-response-category scale, and a
smaller increase when moving from a three- to a five-response-category scale.

Second, we use EIG to evaluate how the available response categories affect examiner decision
thresholds and how these decision thresholds relate to the optimal decision thresholds. The deci-
sion provided by a fingerprint examiner is the result of a tradeoff between two objectives: first,
increasing the likelihood of correctly expressing support for the proposition that two impres-
sions are from the same source and, second, decreasing the likelihood of incorrectly expressing
support for the proposition that two impressions are from the same source. Under common
assumptions, these two goals are inversely related, as increasing the likelihood of the former
decreases the likelihood of the latter, and vice versa.

This tradeoff is typically managed by adjusting decision thresholds (Thompson 2023). A deci-
sion threshold determines the amount of evidence required to produce a particular response, for
example, a substantial amount of evidence that two prints are from the same source would rea-
sonably be required to justify an identification response. Adjustments to the decision thresholds
determine the balance between the two tradeoff objectives. For example, a risk-averse examiner
requires more evidence to produce an identification response, which, in turn, reduces the likeli-
hood of investigating an innocent person, but also increases the likelihood of exculpating a
guilty person. In contrast, a risk-seeking examiner requires less evidence to produce an
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identification response, which decreases the likelihood of exculpating a guilty person at the cost
of increasing the likelihood of investigating an innocent person.

Optimal decision thresholds perfectly balance these two tradeoffs. Here, we define optimal de-
cision thresholds as thresholds that provide the most information about whether or not a print
pair is from the same source. Thus, we define the optimal response policy for a given scale by de-
termining the decision thresholds that maximize EIG. A model of the decision process is needed
to determine the optimal decision thresholds. That is, a theoretical framework is needed in
which the effect of moving the decision thresholds can be explored. We follow Mannering et al.
(2021) and use a SDT model. Using a SDT model allows us to not only determine the relation-
ship between optimal and empirically-determined examiner decision thresholds, but also allows
us to establish whether expanded decision scales provide additional value. To preview the main
conclusions: Empirical decision thresholds are close to optimal for the five-response-category
scale, but risk averse for two- and three-response-category scales; both optimal and empirical
EIG increase with the number of response categories, in particular, the empirical EIG for the
five-response-category scale is close to optimal; the five-response-category condition is more ro-
bust to variations of thresholds; and the relative performance for the different response scales
remains consistent across a wide range of base rates, that is, how often print pairs are from the
same source.

The rest of the article proceeds as follows. First, we provide an overview of EIG and its role in
fingerprint analysis. Second, we describe the SDT model of fingerprint decisions. Third, we ex-
plore how the number of response categories affects decision thresholds and how the decision
thresholds used by examiners relate to the optimal decision thresholds. Fourth, we consider the
effect of number of response categories and threshold placement on EIG. Finally, we consider
the impact of base rates on our analyses.

2. EIG in fingerprint analysis

EIG is a measure of the overall value of an evidence-gathering procedure. EIG tells you how
much information is likely to be gained about the true state of the world when all possible out-
comes of the procedure are considered. According to EIG, an evidence-gathering procedure is
valuable if it has a high potential to convince someone of what is actually true. EIG and related
measures have been influential across many fields (Chaitin 1975; Benish 1999; Cover and
Thomas 2006), including feature-based fingerprint analysis (Osterburg et al. 1977) and other fo-
rensic applications (Campbell et al. 2005; Ramos et al. 2007; Ramos and Gonzalez-Rodriguez
2008; Gong et al. 2015; Starns, Cohen, and Rotello 2023). This section provides a conceptual
overview of the use of EIG to fingerprint examinations. More details about EIG, including com-
putational formulas, are provided in Appendix A.

In the case of fingerprint examination, the true, unknown state of the world is the relationship
between the latent and comparison prints. Whereas mated pairs of prints share a common
source, non-mated pairs of prints come from different sources. The evidence-gathering proce-
dure is a fingerprint examination. The outcome of a fingerprint examination is a judgment about
the true state of the world. That is, the outcome is a statement about the degree of belief in the
common-source and different-source hypotheses, that is, whether the prints are mated or not,
respectively. These judgments are typically reported as categorical decisions, as discussed previ-
ously. For example, an identification decision expresses a strong belief in the common-
source hypothesis.

The critical comparison underlying EIG is between the uncertainty of the true state of the
world before and after the evidence-gathering procedure. EIG increases with the ability of the
evidence-gathering procedure to increase certainty regarding the true state of the world.
Consider a hypothetical laboratory where all samples are submitted by omniscient investigators,
who always submit mated pairs. There is no uncertainty about the true state of the world, even

before examination, because the submitted pairs are always mated. The examination procedure

! For ease of exposition, and because it is the most impactful decision, we focus on the decision threshold that
determines an identification response. There is, however, a decision threshold between each pair of re-
sponse categories.
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cannot reduce uncertainty, regardless of the quality of the procedure, thus EIG is 0 even though
the process is free of errors. Next, consider investigators that are known to submit 50% mated
pairs and 50% non-mated pairs for examination. Before examination, the uncertainty about the
true state of the world is at the maximum—DBoth outcomes are equally likely and there is no in-
formation about which outcome is true. In this scenario, the examination procedure has the pos-
sibility to reduce uncertainty. That is, a quality examination procedure can now provide
information to the investigators, that, on average, reduces uncertainty of whether the prints are
mated, leading to a higher EIG. In the scenarios we explore here,” the highest possible EIG,
which would be produced by a combination of evenly divided samples submitted and a perfect
examiner, is 1.00. In contrast, a poor examination procedure, say a faulty computer system that
reports random decisions, provides no information about whether the prints are mated, thus,
uncertainty is not reduced by the evidence-gathering procedure, again leading to an EIG of 0.

Because FIG is defined, in part, by the uncertainty of the true state of the world prior to the
examination, it is necessary to determine the pre-examination uncertainty. As established by
Starns, Cohen, and Rotello (2023), the evidentiary value of an information source is often best
defined by assuming that no prior information is available; that is, by initially placing equal
credibility in the common-source and different-source hypotheses. This assumption is certainly
warranted for the data we consider here, which comes from an experiment in which examiners
encountered half mated and half non-mated pairs. We further examine this assumption in a
later section.

It is important to note that EIG does not measure the reduction in uncertainty due to a single
response, but rather the average reduction in uncertainty across the entire range of possible
responses. Thus, according to EIG, there are two ways to improve the fingerprint examination
process. First, you can increase the likelihood of being able to make informative decisions, such
as identifications and exclusions. One possible way to do this would be to increase the quality of
the prints considered for examination. Poor-quality prints are more likely to produce inconclu-
sive or erroneous results, which, in turn, leads to less informative decisions, reducing EIG. In
contrast, high-quality prints allow for more informative decisions, such as identifications and
exclusions, which increases EIG.? Second, you can increase the amount of information provided
by the examination decisions. One way to do this is to select a response scale that more accu-
rately conveys the examiner’s assessment of the evidence to the investigator. We explore two fac-
tors that potentially affect the information value of the response scale in the current work:
whether increasing the number of response categories supports increased information gain, and
how inappropriate use of these response categories, for example, an overly cautious examiner,
affects information gain.

Most evidence-gathering procedures produce an internal outcome that is typically assumed to
be continuous in nature, for example, the amount of visual evidence for or against a mated pair.
In the case of a categorical scale, decision thresholds are applied that partition this continuous
space into discrete categories. This partitioning necessarily loses information, for example, from
the categorical response alone, it is impossible to know whether an identification decision
resulted from a value near the decision threshold (a borderline case) or far from the decision
threshold (a conclusive case).

The location of the decision threshold also plays a major role in the information provided by
the examiner. Taking the example of a two-response-category scale (e.g., identification or not
identification), an extremely risk-averse examiner would require so much evidence to reach the
identification threshold that identification responses are rarely produced and non-identification
responses are very likely for both mated and non-mated pairs. As such, the examiner responses
would provide little indication of which pairs truly share a common source. Thus, as discussed
previously, the number of categories, and the choice of decision thresholds, can affect the
amount of information provided by examination decisions. Because EIG quantifies the informa-
tion provided by the examination procedure, we also use EIG to optimize the parameters of the

That is, assuming equal likelihood of mated and non-mated pairs before examination.

Note that this shift is due to an increase in the ability to make informative decisions, but the decisions have to re-
main informative. That is, simply shifting all decisions to the identification or exclusion categories by reducing the
amount of evidence needed to make these decisions, in turn, reduces how much information these decisions provide,
thus decreasing EIG.

3
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system, that is, to determine the optimal number of decision categories and the location of the
decision thresholds that define the decision categories.

In summary, we use EIG as a measure of how informative a fingerprint examination proce-
dure is. More specifically, EIG measures how much an examination procedure reduces the un-
certainty about whether two prints are mated. EIG considers the average information gain
produced by the procedure; that is, EIG takes into account both how much information is
gained by each decision category and how often these decision categories are produced.
Whereas an EIG of 0 means that the examination procedure provides no additional information
about whether the prints are mated, in the current context, an EIG of 1 means that the examina-
tion procedure is maximally informative. We use EIG to compare response scales of different
sizes, as well as to determine the optimal location of the decision thresholds for a given scale.
First, we need to introduce an application of SDT, as described next.

3. A Bayesian signal detection model of fingerprint identification

SDT models have been highly successful at accounting for and exploring psychological data in
many domains, including perception (Haase, Theios, and Jenison 1999), memory (Banks 1970),
and decision making (Phillips, Saks, and Peterson 2001). SDT models have also been previously
applied to fingerprint analysis (e.g., Mannering et al. 2021; Smith and Neal 2021; Thompson
2023). This model assumes that a to-be-detected signal, in this case whether two impressions
share a common source, is embedded in noise and the combined signal strength can be repre-
sented as a value along a single axis. While this axis is traditionally labeled signal or memory
strength, here we might label this axis as “the amount of support for the same source hypoth-
esis” or “the amount of perceived detail in agreement”. The theoretical endpoints of this axis
might be the most support imaginable for the different-source proposition and the most support
imaginable for the same-source proposition. The model assumes that the comparison produces a
value along this axis. This value is then compared against a set of decision thresholds to deter-
mine the term that is used to communicate the results of the comparison to the criminal justice
partner (e.g., a judge, jury, defense attorney, or prosecutor). In the case of a five-response-
category scale (e.g., exclusion, support for different source, inconclusive, support for same
source, and identification), there are four thresholds, one between each pair of responses. If, for
example, the value along the axis exceeds the support for same source/identification threshold,
the examiner would report an identification decision.

Consider the SDT model of fingerprint analysis shown in Fig. 1. SDT models are generally
used to determine the extent to which a proposition holds for a particular stimulus. For exam-
ple, in the current context, a stimulus is a pair of latent and comparison prints and the two prop-
ositions are whether the two prints come from the same source or from different sources. The
level of support for the same source proposition is represented by the x-axis in Fig. 1, where
higher values indicate stronger support. Likewise, lower values indicate lower support for the
same source proposition, or, equivalently, stronger support for the different source proposition.

A key assumption of SDT models is that, for a given latent-comparison print pair, the level of
support for the proposition varies. That is, the strength of support for the same source proposi-
tion is a function of both the print pair and noise, which can be due to properties of the print
pair or examiner. The noise is typically assumed to be normally distributed, and we make that
assumption here. In Fig. 1, the dashed- and solid-line distributions are associated with non-
mated and mated print pairs, respectively. Mated pairs tend to produce higher values because
they will typically produce greater support for the same source proposition. Due to noise, how-
ever, non-mated pairs can provide some support for the same source proposition, and mated
pairs can provide minimal support for the same source proposition, leading to overlapping dis-
tributions. The amount of overlap between these two distributions determines the sensitivity or
discriminability of the examiner, that is, how well these non-mated and mated pairs can be dis-
criminated. Lower distribution overlap indicates higher discriminability, and so non-mated and
mated pairs are less likely to be confused. Note that the different natures of non-mated and
mated pairs lead to different levels of uncertainty, that is, the non-mated and mated distributions
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Figure 1. A signal detection model of fingerprint identification for the five-response-category condition. The dashed
and solid curves represent distributions of support for the same source proposition when the fingerprints are non-
mated and mated, respectively. The mean and standard deviation of the non-mated distribution is fixed at 0 and 1,
respectively. The mean and standard deviation of the mated distribution are free to vary. The vertical lines are
decision thresholds that separate the response categories. The response category labels are: exclusion (ex);
support for different source (sds); inconclusive (inc); support for same source (sss); and identification (id).

have different standard deviations (see Fig. 1), which is a common assumption in signal detec-
tion models that is well supported by data (Wixted 2020).

The generated support for the same source proposition is then translated into a response or
decision by comparing the level of support with a set of decision thresholds. Each decision
threshold represents the level of support needed to make a particular response. In Fig. 1, there
are four decision thresholds which separate the space into five response categories. Although the
SDT model is agnostic regarding the category labels, we follow Busey et al. (2022) and assume
the response categories are, from left to right, exclusion (ex), support for different source (sds),
inconclusive (izc), support for same source (sss), and identification (id). We indicate specific de-
cision thresholds by listing the two response categories they separate. For example, ex/sds would
be the decision threshold that separates the ex and sds response categories. In a hypothetical
sample, because it is lower than the ex/sds decision threshold, a level of support for the same
source proposition of —2 would lead to an ex response (see Fig. 1). A level of support for the
same source proposition of 2 would lead to a sss response because it is between the inc/sss and
sss/id decision thresholds. Higher decision thresholds, for example, increasing the position of the
sss/id decision threshold, have traditionally been described as more risk averse, because a higher
amount of support is needed to generate decisions that indicate support for common source, for
example, an identification decision. Similarly, lower decision thresholds are described as more
risk-seeking.

This SDT model has 2 + (r—1) parameters: The mean, y, and standard deviation, o, of the
mated pair distribution, and the r—1 decision thresholds, where 7 is the number of response cate-
gories. For two, three, and five response categories that means there are four, five, and seven
parameters. Without loss of generality and to set the scale, the mean and standard deviation of
the non-mated pair distribution are assumed to be 0 and 1, respectively. Thus, the support for
same source values is in units of the standard deviation of the non-mated pair distribution.

Given a set of parameters, predicted model response proportions can then be determined. In
Fig. 1, there are ten possible responses: ex, sds, inc, sss, and id for both non-mated and mated
pairs. Within each stimulus type, non-mated and mated, the response proportions across the five
response categories sum to 1. A response proportion is given by the area under the relevant curve
between the appropriate decision thresholds. For example, in Fig. 1, given a non-mated pair, the
probability of an sds response is given by the area under the dashed curve between the ex/sds
and sds/inc decision thresholds. Given a mated pair, the probability of a sss response is given by
the area under the solid line curve between the inc/sss and sss/id decision thresholds. All ten re-
sponse proportions can be computed similarly.

Note that the analyses presented below do not rely on the SDT model being the “correct”
model of fingerprint analysis. The SDT model is used as a device for varying task behavior, for
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example, by changing the decision thresholds for fixed distributions, so that different outcomes
can be compared. To that end, what is required is that the model produces results that reason-
ably mimic human performance under different risk averse or risk-seeking conditions. Indeed,
the model can accurately reproduce human examiner performance for the current task (see
Appendix Fig. B2). Further, the Gaussian distribution has a long history of application to human
behavior because the central limit theorem naturally produces this distribution through the sum
of several events (Thurstone 1927; Wixted 2020). Using a simple analogy, the SDT model serves
a similar role in the current analysis as a crash test dummy when testing car safety. The dummies
are clearly not human, but act in ways similar enough to humans in a crash context that car
safety can be productively evaluated. Similar to changing the SDT model parameters, the height,
weight, position, etc of the dummies can be varied to evaluate car safety under different circum-
stances. Thus, the SDT model of fingerprint analysis provides an extremely useful framework
from which to evaluate differences across sets of fingerprint analysis response categories (Busey
et al. 2022).

We implemented the SDT model in a Bayesian framework. One advantage of the Bayesian ap-
proach is that it allows for a natural expression of uncertainty in parameter estimates and evalu-
ation values. That is, when applied to data, the model provides samples from a posterior
distribution of parameter values (see Appendix Fig. B1). Statistics can then be applied to this dis-
tribution to determine, for example, the most likely range of parameter values. Throughout, all
such credible intervals (CI) are defined using the 95% highest density interval (HDI), which con-
tains the 95% most probable parameter values, given the data. For each sample from the poste-
rior, we can also, for example, use the SDT model to make response proportion predictions (see
Appendix Fig. B2) and to compute values such as EIG (see Fig. 2) and then determine HDIs.

Recall that the SDT model separates parameters related to sensitivity (the mean and standard
deviation of the mated pair distribution) and parameters that determine the decision process
(the decision thresholds). This separation allows us to explore different decision strategies for a
fixed level of sensitivity. For example, for a given set of mated and non-mated pair distributions,
we can determine the decision thresholds that maximize EIG—we refer to these as the optimal
EIG values and decision thresholds. Similarly, for a given set of mated pair distribution parame-
ters, we can determine the maximum possible EIG, that is, the EIG that would be produced if
the fingerprint examiner were able to perfectly access and use the full underlying non-mated and
mated distributions to determine whether the fingerprint pair was derived from the same source.
HDIs can be determined for these values as described previously.

The model was applied to the data from Busey et al. (2022). In this experiment, examiners
rated support for the same source proposition with either 3 (ex, inc, id) or 5 (ex, sds, inc, sss, id)

@
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o

I T I

2 3 5
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Figure 2. EIG as a function of the number of response categories. Cls are 95% HDIs. Opt. dec. thresh. is optimal
decision threshold.
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response categories. We make the assumption that the underlying sensitivity of examiners, that
is, the ability of examiners to distinguish mated and non-mated pairs, is not affected by the avail-
able response categories which was supported by prior modeling in (Carter et al. 2020; Busey
et al. 2022). Thus, we assume that both the three- and five-response-category conditions share a
common y,, and o,,. The two decision thresholds in the three-response-category condition and
the four decision thresholds in the five-response-category condition were allowed to vary inde-
pendently. Thus, there are a total of eight parameters to account for 16 data points (non-mated
and mated pairs for ex, inc, id and ex, sds, inc, sss, id response categories). In the analysis, we
will also explore a two-response-category case (not-id, id), which was formed from the three-
response-category data by combining the ex and inc response categories into a single non-id re-
sponse category. The two-response-category case did not directly affect parameter estimation,
and, because it was derived from the three-response-category case, shares a common decision
threshold parameter (i.e., not-id/id = inc/id) to reflect the fact that this threshold will not change
when the ex and inc categories are collapsed into not-id.
Further details for the analyses described in this section can be found in Appendix B.

4. Response categories and decision thresholds

First, we use the SDT model to explore how the available response categories affect decision
thresholds and how the decision thresholds used by examiners relate to the optimal decision
thresholds given the underlying non-mated and mated distributions and the response scale. The
decisions produced using the optimal decision thresholds provide the most information regard-
ing whether a pair is mated or not. The optimal decisions thresholds will not eliminate all errors,
but rather they maximize EIG.

Figure 3 provides the results of the Bayesian SDT model for the two-, three-, and five-
response-category conditions. As discussed previously, because we assume constant sensitivity
across conditions, both the non-mated (dashed line) and mated (solid line) distributions are
shared across conditions. The vertical blue lines, which we call the model decision thresholds,
show the median decision thresholds that best account for the examiner data in each condition.
The decision threshold that defines the identification region is very similar across conditions.”*
That is, the amount of evidence examiners required to make an identification only slightly varies
based on the number of response categories. In particular, the sss/id decision threshold is only
marginally more risk averse than the no#-id/id and inclid decision thresholds, as the 95% HDI of
the difference is (0.02, 0.46).

The vertical green lines show the optimal decision thresholds. Compare the blue and green de-
cision thresholds. In the two-response-category condition, examiners are significantly more risk
averse than optimal, that is, the model decision threshold is significantly higher than the optimal
threshold. The inset plot shows the median (circle) and 95% HDI (CI) of the difference between
the model and optimal decision thresholds. Where the HDI does not overlap zero there is strong
support that the optimal and model-based decision thresholds differ. In the three-response-
category condition, examiners are less likely to make both exclusion and identification responses
than is optimal. This result also shows up in the five-response-category condition, albeit to a
slightly lesser degree. Examiner decision thresholds that define the exclusion and identification
categories are much closer to the optimal thresholds in this condition, and in most cases the
HDIs include zero.

In summary, regardless of the number of response categories, examiners set the decision
threshold that defines an identification at a level similar to the optimal decision threshold that
maximizes EIG in the five-response-category condition. The location of the examiner decision
thresholds in the two- and three-response-category conditions is risk averse relative to the opti-
mal decision thresholds. In the three- and five-response-category conditions, examiners are over-
utilizing the inconclusive category. In the five-response-category condition, the examiner-based
decision thresholds that define the exclusion and identification response regions are relatively
well-calibrated.

Recall that the not-idlid decision threshold for the two-response-category condition and the inc/id decision
threshold for the three-response-category condition are identical.
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Figure 3. Results of the Bayesian SDT model for the two-, three-, and five-response-category conditions. The
median posterior mated distribution and decision thresholds are shown. The insets show the median (circle) and
95% HDIs (CI) of the difference between the model and optimal decision thresholds. Dec. thresh. is decision
threshold. Opt. is optimal. exis the exclusion response category; sds is support for different source; incis
inconclusive; sssis support for same source; id is identification; and non-id combines the exclusion and
inconclusive response categories from the three-response-category condition. For example, ex/inc is the decision
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5. Response categories, decision thresholds, and EIG

Next, we consider the effect of number of response categories and threshold placement on EIG.
Figure 2 shows EIG as a function of the number of response categories. The red points are the
EIG values determined directly from the response proportions in the examiner data. The blue
confidence intervals show the 95% HDIs on EIG for each response category condition.
Importantly, EIG increases with number of response categories. That is, as the number of re-
sponse categories increases, examiners provided more information about whether the finger-
prints are from the same source, albeit with decreasing gains between three and five response

categories relative to the large gain from two to three response categories.
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Readers might wonder what constitutes a meaningful change in EIG. This value varies across
contexts, of course, but it is useful to consider some benchmarks in a simplified scenario in
which EIG maps directly to a more familiar measure, proportion correct. Specifically, we con-
sider the simplified scenario with two response categories (e.g., not-id and id) with the same level
of accuracy for both outcomes; for example, if the proportion correct is 75%, then we assume
for the purpose of demonstration that 75% of identification responses are made to mated pairs
and 75% of non-identification responses are made to non-mated pairs. In this scenario, an EIG
of 0.30 corresponds to a percent correct of about 81%, an EIG of 0.40 corresponds to about
85%, and an EIG of 0.50 corresponds to about 89%. Thus, across the range of observed values
for this sample, an EIG change of 0.10 maps onto a proportion correct change of about 0.04.
We hope that this reference point helps readers assess our reported EIG differences, for example,
if a reader thinks that a factor that increases examiner accuracy by 2 percentage points is mean-
ingful given the large number of cases that involve fingerprint evidence, then that reader should
consider a 0.04-0.05 difference in EIG to be meaningful as well in the current context.

The green Cls show the 95% HDIs on EIG when using the optimal decision thresholds for
each response category condition (see Fig. 1). Again, EIG increases with the number of response
categories. This result is expected, as increasing response categories allows the model to provide
more fine-grained information about the degree of support for the same source proposition. Of
note, however, the difference between the optimal and model EIG values decreases as the num-
ber of response categories increases. That is, whereas examiners in the two-response-category
condition provide far less information than is possible with optimal decision thresholds, exam-
iners in the five-response-category condition are providing almost as much information as a
model that uses optimal decision thresholds.

We can also consider how EIG changes as decision thresholds deviate from optimal, that is,
how much information is lost when the decision threshold is either too risk-seeking or too risk
averse. Although changes to any set of decision thresholds can be examined, because identifica-
tions are of particular interest, we focus on the decision threshold that determines the identifica-
tion region (not-id/id, inclid, or ssslid for two-, three-, and five-response categories,
respectively). In particular, for each response category condition, we systematically varied the
identification decision threshold from optimal, holding all other decision thresholds at optimal,
to determine the effect on EIG (see Fig. 1 for optimal decision threshold positions). Note that
EIG is still being computed across all response categories, but we are simply varying the identifi-
cation decision threshold to see the effects of non-optimal identification decision thresholds
on EIG.

The results are shown in Fig. 4. The x-axis represents the difference between the identification
decision threshold and optimal decision threshold. A value of 0 on the x-axis indicates that the
optimal decision threshold is used. Negative values along the x-axis indicate risk-seeking identi-
fication decision thresholds and positive values indicate risk-averse identification thresholds.
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Figure 4. How EIG is affected by moving the identification decision threshold from the optimal position. All other
decision thresholds are set at the optimal position. Resp. cats. is response category condition. The dots show the
median results when applying the SDT model to examiner data. The shaded region shows 95% HDlIs.
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The key point is that the five-response-category condition is far more robust to variations in de-
cision threshold position than the two- and three-response-category conditions. That is, whereas
deviations from optimal significantly decrease EIG in the two- and three-response-category con-
dition, EIG is relatively constant across a wide range of decision threshold positions in the five-
response-category condition. In other words, moving the identification decision threshold from
optimal has more of a deleterious effect on EIG if there are fewer other response categories. For
an extreme example, in the two-response-category condition, moving the not-id/id decision
threshold far to the right means that almost every decision will be not-id and so the examiner re-
sponse provides almost no information about the prints. In contrast, in the five-response-
category condition, moving the sss/id decision threshold to the right only affects the sss and id
responses, effectively leaving the ex, sds, and inc response proportions unchanged and effectively
turning the five-response-category scale into a 4-response-category scale (ex, sds, inc, sss). In
short, additional response categories buffer EIG loss against variations in decision thresholds.

The blue dots in Fig. 4 show the results using the identification threshold that best fit the
examiner data.’ As discussed previously, the estimated identification thresholds move closer to
optimal with increasing response categories. Coupled with the prior result that the five-
response-category condition is more robust to variations of thresholds, less information is lost in
the five-response-category condition compared to the three- and, especially, the two-response-
category conditions.

Recall that, for fixed non-mated and mated distributions, the possible information gained
increases with the number of response categories. Indeed, EIG is theoretically maximized by use
of the entire underlying distribution, which is essentially using infinite response categories.
Figure 5 shows the difference between the EIG achieved by examiners and this theoretically
maximum EIG for each response category condition, assuming the estimated underlying distri-
butions described previously. As the number of response categories increases, this difference
decreases. Although the difference between the model and optimal EIG for the three- and five-
response-category conditions was relatively similar, as shown in Fig. 2, it is clear from Fig. 5
that the five-response-category condition produces behavior that much more closely approaches
the theoretical maximum. Thus, scales with even more response categories are likely to produce
only very slight gains over a five-response-category scale.

A common way to visualize performance in signal-detection tasks is the receiver operating
characteristic (ROC), which plots hit rates against false alarm rates across the range of decision
thresholds. In the current context, we focus on identification rates, that is, how often the com-
parison print is identified as coming from the same source as the latent print. Recall that the
identification rates for mated (hits) and non-mated (false alarms) pairs are given by the area un-
der the mated and non-mated distributions from the SDT model, respectively, above the
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Figure 5. Difference between model EIG and maximum EIG (max. eig), using the underlying non-mated and mated
distributions, as a function of the number of response categories. Bars closer to zero indicate a smaller difference
between achieved and maximum EIG. Bars are medians and Cls are 95% HDlIs.

We used the median of the posterior distribution as a point estimate.
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identification decision threshold (not-idlid, inclid, sss/id in the two-, three-, and five-response-
category conditions, respectively; Fig. 1).

These rates are defined for a given identification decision threshold. To create the ROC, the
identification decision threshold is varied across a range, typically across the entire scale, and
the corresponding true and false identification rates are plotted against each other for each deci-
sion threshold. With multiple response categories, however, varying the decision threshold
across the full range is not feasible, as it doesn’t make sense, for example, to move the sss/id deci-
sion threshold below the ind/sss decision threshold. We therefore vary the identification decision
threshold across a restricted range. We start the identification decision threshold range at opti-
mal (i.e., the threshold that maximizes EIG; Fig. 1) and then explore the effect of making this
threshold increasingly risk-averse, that is, moving it to the right. Because the range is restricted,
the ROC will not reach the point (1,1) as normally would occur if the range were unrestricted.

The ROC curves for the two-, three-, and five-response-category conditions are shown in
Fig. 6. The rightmost point of each curve corresponds to the optimal id decision threshold,
which will produce both the highest true and false id rates in the decision threshold range. The
leftmost point of each curve corresponds to an extremely risk-averse id decision threshold,
which would lead to near zero identification rates of both mated and non-mated pairs. Because
they are generated from the same underlying SDT model distributions, these curves fall on top
of each other. What varies across response category condition is the range of the curve. Because
the optimal id threshold becomes more risk averse as the number of response categories
increases (Fig. 1), the maximum true and false id rates decrease with number of response catego-
ries. Note that, whereas for two- and three-response-category conditions the false id rate is pro-
hibitively high at the optimal decision threshold, for five-response categories, examiners achieve
both a low false id rate and a close to optimal EIG.® In addition, in the five-response-category
condition, false id rates can be further reduced without significant information loss.

For each id decision threshold, with all other decision thresholds set at the optimal values
shown in Fig. 3, we can also compute the associated EIG value for the SDT model. The EIG
value for each id decision threshold in Fig. 6 is indicated by brightness, with brighter points cor-
responding to higher EIG. This figure then provides us with another way to visualize the effect
on EIG of encouraging a more risk-averse decision strategy (also see Fig. 5). In particular, as the
id decision threshold moves to the right to become more risk averse, relative to the optimal id
decision threshold, EIG decreases. Importantly, although the effect of changing the id decision
threshold is severe for the two-response-category condition (i.e., points get much darker as the
hit and false-alarm rates approach zero), and noticeable for the three-response-category condi-
tion, it is minimal for the five-response-category condition. That is, the five-response-category
condition is robust to variation in id thresholds, allowing examiners to meet the joint goals of
having very low false id rates and producing decisions with high information value.

6. The effect of base rate on EIG

To this point, we have assumed that the fingerprint comparison process begins with no informa-
tion about whether a latent-comparison pair is mated or non-mated. Starting with no prior in-
formation is the only justifiable choice if the actual base rate of mated pairs is 0.50, that is, if
50% of the fingerprint pairs considered by examiners are mated. This assumption is warranted
for the analyses reported here, because the base rate in the experiment that generated the ana-
lyzed data was 50% (Busey et al. 2022).” When searching impressions against a database, it is
estimated that 22% of impressions result in possible identifications (Gardner, Neuman, and
Kelley 2021), which suggests an overall base rate below 0.50. It should be noted, however, that
base rates can vary dramatically across different scenarios, for example, comparisons stemming
from a database search compared to comparisons to a suspect identified from other evidence.
Indeed, base rates are likely to vary widely for different types of crime and across jurisdictions.

¢ 95% HDISs for false identification rates at the right-most points of the ROCs are (0.054, 0.101), (0.015, 0.032),
and (0.003, 0.008) for the 2-, 3-, and 5-response-category conditions, respectively.
Recall, however, that only “of-value” trials were analyzed, which lead to mated pair base rates of 0.511 and
0.513 in the 3- and 5-response-category conditions, respectively.

G20z 1snBny | uo 1senb Aq 229091 8/700JEBW/ L /yZ/o1011e/1d)/W00 dno"olwepeoe)/:sdyy Wwoly papeojumoq



Five response categories are better than three 13

2 response categories

[e0)
® -
[0 o
*é' i
ke
o Y
E o
e data
o model roc
d T T T T
0.00 0.02 0.04 0.0
3 response categories
0
®
2
o -
e ®
o ¥
E o
o
d _!Iﬂ T T T
0.00 0.02 0.04 0.06
5 response categories
ei
o | 0.50°9
o
i
© .
5 < |®
E o
o | 0.00
o

T
0.00 0.02 0.04 0.0
false id rate

Figure 6. ROC curves based on id response proportions for the two-, three-, and five-response-category conditions.
To create these curves, a restricted range was used for the id decision threshold—from the optimal id decision
threshold and higher. The shade of each point on the ROC indicates the EIG associated with that id decision
threshold. The red points indicate the true and false id rates in the data.

In this section, we consider whether our conclusions regarding number of response categories
are robust to changes in base rates.

Consider Fig. 7, which illustrates how EIG changes with base rate for the two-, three-, and five-
response-category scales examined previously. These EIG values were generated from the propor-
tion of category responses from the observed examiner data by varying the proportion of mated
pairs that were assumed to be shown to examiners. For example, for the three-response-category
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Figure 7. EIG for the observed response distributions for two-, three-, and five-response-category scales across all
possible base rates of mated pairs.

condition, the probabilities of an exclusion, inconclusive, and identification response to mated
pairs remained fixed at 0.068, 0.387, and 0.552 and the same probabilities to non-mated pairs
remained fixed at 0.667, 0.327, 0.008 (see Table A1®), respectively, and EIG was computed us-
ing a range of the base rates of mated pairs that varied from 0 to 1 (see Appendix A for computa-
tion details).

Critically, although EIG necessarily changes across different base rates, the relative perfor-
mance for the different response scales remains consistent across a wide range of base rates.
That is, the three-response-category scale achieves a sizable information advantage over the
two-response-category scale, with a smaller additional advantage when moving from the three-
to five-response-category scale. Although this conclusion holds across the entire range, it is espe-
cially clear for mated-pair base rates between approximately 10% and 95% and strongest near
50%. Thus, the advantage of the five-response-category scale is robust to different assumptions
about base rate. Figure 7 also shows that the EIG for any evidence-gathering procedure con-
verges to zero as the base rate approaches 0 or 1. This pattern emerges because the prior distri-
bution becomes extremely informative for very low or very high base rates, leaving little room
to gain information from the examiner decision.”

Consideration of base rates may also affect other analyses. For example, recall that the five-
response-category scale achieves a close-to-optimal EIG, even when the examiner does not make op-
timal use of the response categories, that is, even when the examiner decision thresholds deviate
from the thresholds that maximize EIG. This property is important because it demonstrates that the
five-response-category scale can be used to simultaneously produce informative examiner decisions
and curtail false identifications with the use of identification thresholds that are far above the
EIG-maximizing value. We evaluated whether this conclusion is also robust to changes in the as-
sumed base rate. That is, for base rates between 0 and 1, we compared the EIG values when using
the SDT-model thresholds estimated from examiner decisions and the SDT-model thresholds that
optimize EIG."® This procedure was repeated for the two-, three-, and five-response-category scales.

8 For example, p(exclusion | non-mated) = p(exclusion N non-mated)lp(non-mated) = 0.326/0.489 = 0.667.
See Table A1.

Extremely low or high base rates are undesirable for other reasons. Perhaps the most troubling issue is that, for
extreme base rates, the reliability of an examiner response is often a misleading signal to the risk of making an error.
For example, say that examiners are 100 times more likely to make an identification for mated than non-mated pairs.
This value encourages a high level of trust in identifications as evidence for a common-source judgment. But if the base
rate is 1%, then about half of identifications will be to non-mated pairs. Given the ubiquity of the fallacy of the trans-
posed conditional, such a scenario sets the stage for egregious misuses of evidence. Moreover, as base rates become
more extreme, the cost-benefit ratio of fingerprint examination decreases.

10" The optimal thresholds change when the base rate changes, which was incorporated into the analysis.
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Figure 8. Reduction in EIG incurred by using a set of actual SDT-model thresholds (actual) relative to the thresholds
that optimize EIG across a range of mated-pair base rates (opt). In Panel A, the actual SDT-model thresholds are set
to the values that best fit the examiner responses. In Panel B, the identification threshold is adjusted to simulate
examiners who will accept only a 0.001 chance of making a false identification, with all other thresholds set to the
values that best fit the examiner responses. Res. is response categories.

Across base rates, Fig. 8 shows the reduction of EIG when the examiner thresholds are used,
relative to the use of the optimal thresholds. Whereas a value of 0 means that the examiner
thresholds achieve an EIG that is as high as the maximum EIG that could be produced by any
set of thresholds, a negative value means that using the examiner thresholds resulted in a loss of
information. Figure 8A contrasts EIG from the optimal thresholds and EIG from the thresholds
that best fit the examiner data (Fig. 3). The five-response-category scale was more robust to
deviations from the optimal thresholds (i.e., had an information loss closer to 0), and this result
held across a wide range of base rates. The two-response scale incurred substantial information
loss across a wide range of base rates, and the three-response scale was slightly worse than the
five-response scale.

Interestingly, the information advantage of the five-response-category scale increases if the ex-
aminer identification threshold becomes more risk averse, as shown in Fig. 8B. The only change
from Panel A to B is that the identification criterion was moved up to the value needed to
achieve a very low false-identification rate (0.001). This shift to risk-averse responding has little
impact on information loss for the five-response scale, which continues to produce EIG values
that are close to the value achieved with optimal thresholds (information loss near 0). In con-
trast, information loss gets substantially worse for the two- and three-response-category scales
when responding is very risk averse, demonstrated by the bigger “dips” in Panel B than Panel A.
For example, with the thresholds from the examiner data and a 50% mated-pair base rate, the
information loss for the two-, three-, and five-response-category scales is —0.10, —0.03, and
—0.01, respectively. If the identification threshold is adjusted to achieve a 1 in 1000 false identi-
fication rate, however, information loss moves to —0.21, —0.08, and —0.01, respectively. Thus,
whereas the two- and three-response-category scales incur substantial information loss if an ex-
tremely low false ID rate is enforced, the five-response-category scale maintains an information
value near optimal.

7. Discussion

Some standards development organizations have recommended an expanded decision scale for
reporting forensic fingerprint examination decisions (OSAC 2018; ASAB 2024), but relatively
little work has empirically addressed the consequences of such a change. The main goal of the
current work is to determine the relative value of two-, three-, and five-response-category scales.
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A key contribution is to assess response scale value using EIG (e.g., Shannon 1948; Starns,
Cohen, and Rotello 2023) in conjunction with a SDT model of fingerprint examination. EIG,
when combined with SDT, acts as a form of alternative universe simulator: What would happen
if we changed forensic procedures, in this case, the response scale, and how might differences
across examiners or labs affect the performance of the entire system? When applied to finger-
print examination, EIG measures how much the fingerprint examination procedure, including
use of the response scale, reduces the uncertainty regarding whether two prints are mated. We
assessed empirical results from examiners when they used different response scales, and situated
those results relative to the optimal results defined by the SDT model thresholds that maxi-
mized EIG.

The results demonstrate a clear superiority of a five-response-category scale across various
metrics. In particular, the five-response-category scale produces an overall higher information
gain, maintains high information gain even for risk-averse examiners, is more tolerant of non-
optimal decision thresholds, and tends to encourage examiner decision thresholds that are very
close to optimal, especially the critical sss/id decision threshold. All of these patterns are robust
against variations in the base rates of a mated pair. In addition, there appear to be relatively few
negative aspects of this scale, and scales with more than five-response categories are unlikely to
produce marked improvements.

The current work clearly shows that the five-response-category scale should be preferred over
the two- and three-response-category scales. For an examiner who appropriately maps the un-
derlying available information to the response scale, performance would continue to improve
with the number of response categories beyond 5. Indeed, with direct accurate access to the un-
derlying evidence distributions (e.g., Fig. 1), a continuous response scale would maximize infor-
mation gain. Such approaches, however, have their own strengths and weaknesses (Neumann,
Evett, and Skerrett 2012; Swofford et al. 2018; Busey and Coon 2023). In practice, larger re-
sponse scales are more difficult to use (Benjamin, Tullis, and Lee 2013) and require both exam-
iners and consumers to correctly interpret the underlying scale. Notably, in absolute
identification tasks, inconsistent scale use progressively degrades information value as the num-
ber of response categories increases over 5 even for simple attributes such as the loudness of
tones (Garner 1953).

Larger scales are also more likely to promote inconsistency across examiners. As the number
of potential responses increases, it becomes more difficult for different examiners to adopt the
same interpretation for each response category, which can lead to costs similar to those of de-
creasing the ability of examiners to compare prints (Benjamin, Tullis, and Lee 2013). Increasing
the number of response categories also exacerbates the already difficult problem of encouraging
triers-of-fact to adopt appropriate interpretations (Martire, Kemp, and Newell 2013). Starns,
Cohen, and Rotello (2023) demonstrated how EIG can be used to measure the cost of such mis-
interpretations. For example, EIG can be used to quantify the cost of incorrectly interpreting a
support for same source decision that actually provides 4:1 evidence in favor of a mated pair as
providing 20:1 evidence in favor of a mated pair.

Even if the response scale could be used and interpreted perfectly by both examiners and
triers-of-fact, the current analysis shows that, in practice, each additional decision category adds
less to the information gain. That is, the addition of response categories comes with diminishing
returns. The five-response-category scale strikes a good balance as it is both easy to use and pro-
duces close-to-optimal information value.

As discussed previously, ROC plots and AUC are common methods for the visualization and
measurement of performance in forensic science signal-detection tasks (e.g., Mickes, Flowe, and
Wixted 2012; Albright 2022). Both EIG and AUC are measures of classification performance,
and, in some circumstances, are nearly interchangeable. In particular, EIG and AUC will be
nearly interchangeable to the extent that both measures are applied to the same evidence distri-
butions, the distributions are evaluated as a stand-alone source of evidence (i.e., no other infor-
mation is used), and the levels of evidence supported by examiner decisions are properly
interpreted. We chose to use EIG given its potential to explore important factors such as the in-
clusion of other sources of information, for example, uneven base rates, and, as discussed

G20z 1snBny | uo 1senb Aq 229091 8/700JEBW/ L /yZ/o1011e/1d)/W00 dno"olwepeoe)/:sdyy Wwoly papeojumoq



Five response categories are better than three 17

S . o
9 o
S o] o A 0.89 + o8
=
8
S o 3@
S o 8 o
o T«)s O 0.77
c =
3 < o~
g o uE> o
8
T N —6— 2resp. cats. © |
£ © I}
-4&- 3 resp. cats.
o | -+ 5resp. cats. o |
o T T T T T T © T T T
0.0 0.2 0.4 0.6 0.8 1.0 2 3 5
non-mated response proportions number of response categories

Figure 9. Left: Empirical ROCs for the two-, three-, and five-response-category conditions. Right: Empirical AUC
values derived from the empirical ROCs of the two-, three-, and five-response-category conditions.

previously, the cost of scale misinterpretation. That said, because the current analyses met these
criteria, AUC should support the same conclusions.

We therefore also provide ROCs and AUC:s for the different response category conditions. In
the previous analyses, EIG was used to measure performance supported by examiner responses.
The corresponding ROC is called an empirical ROC (Wixted and Mickes 2018), and it is instan-
tiated as a piecewise-linear function that plots observed response proportions for mated prints
against observed response proportions for non-mated prints. An empirical AUC is the area un-
der an empirical ROC, and provides a measure of how often an examiner decision could be used
to successfully distinguish a mated and non-mated pair (Wixted and Mickes 2018). As the ROC
moves into the upper-left corner, both performance and AUC increase. Figure 9 provides the em-
pirical ROCs (left panel) and associated AUC values (right panel) for the two-, three-, and five-
response-category conditions. The qualitative results are identical to that of the EIG analysis. In
particular, AUC increases with the number of response categories, but with diminishing returns.
Thus, in this case, discriminability tracks information gain.

The EIG analysis reported here is of clear and direct use to policymakers when the goal is to
design a fingerprint analysis procedure that maximizes the information gained about whether a
pair of prints are mated or not. EIG can be used to evaluate other questions of interest to policy
makers, such as the interaction of multiple sources of evidence (e.g., Zane et al. 2025) and the
effects of misinterpreting evidence (e.g., under- versus over-confidence; Starns, Cohen, and
Rotello 2023). EIG is a summary measure across multiple cases, making it well suited to guiding
policy decisions that will apply in multiple investigations. Triers-of-fact need to consider the evi-
dence associated with individual cases, so they need to consider the accuracy of a specific exam-
iner decision in addition to, or instead of, EIG.

Thus, in Table 1, we present the accuracy of different response categories for the two-, three-,
and five-response-category conditions. For a given response category, accuracy is defined as #
correct/(# correct + # incorrect) (see Confidence Accuracy Characteristic, CAC; Mickes 20135;
Wixted and Wells 2017). For example, in the five-response-category condition, there were 210
and 2 identification responses to mated and non-mated pairs, respectively, which produces an
accuracy measure of 210/(210 +2) = 0.991. Because there is no associated correct response, in-
conclusive responses are not included in this analysis. Exclusion (ex) and identification (id)
responses are provided for all response category conditions. Although they cannot be compared
across condition, accuracies for “support for different source” (sds) and “support for same
source” (sss) are provided for the five-response-category condition.

Exclusion response accuracy shows the same pattern as EIG and AUC, that is, a sharp increase
from two- to three-response categories and a significantly smaller increase from three- to five-
response categories. Identification response accuracy is somewhat different. Because they were
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Table 1. Accuracy of different response categories for the two-, three-, and five-response-category conditions.

Response categories

# of response categories ex sds sss id

2 0.676 - - 0.987
3 0.904 - - 0.987
N 0.920 0.728 0.914 0.991

Note. The response category labels are: exclusion (ex); support for different source (sds); support for same source (sss);
and identification (id). Because there is no associated correct response, inconclusive responses are not included.

generated from the same data, there is no difference between two- and three-response-category
identification accuracy. Consistent with EIG and AUC, however, there is only a slight increase
in accuracy from three- to five-response categories. Although somewhat limited, this analysis
suggests that accurate use of a given response category increases with the number of response
categories, but with diminishing returns. These results also suggest that the evidence for a mated
pair provided by “positive” responses (id and sss) is stronger than the evidence for a non-mated
pair provided by “negative” responses (ex and sds).

Recall that the two-response-category condition data were produced by re-assigning inconclu-
sive responses in the three-response-category condition as exclusions. Thus, the id decision
thresholds in the two- and three-response-category conditions are identical. It is possible that
examiners in an independent two-response-category condition would have used a different
threshold, which, in turn, would affect EIG. We ask whether the relative poor performance of
the two-response-category condition is due to this constraint, that is, whether there exists a two-
response-category ex/id decision threshold that increases EIG to that of the three-response-
category condition. To answer this question, we varied the ex/id decision threshold in the
two-response-category condition across a wide range and determined EIG for each decision
threshold. We assume the same underlying distributions from Fig. 3.!!

The results are provided in Fig. 10. The solid curve provides the EIG values generated by the
two-response-category model across a range of ex/id decision thresholds. The peak of the curve
is at the same position as the optimal threshold (green vertical line) from the top panel of Fig. 3.
The blue, dotted horizontal line shows the model EIG, that is, using the decision thresholds that
best account for examiner data, from the three-response-category model. The green, dashed hor-
izontal line shows the optimal EIG from the three-response-category model. In short, regardless
of the location of the decision threshold, three-response categories can produce substantially
more information about the whether the prints are from the same source than two-
response categories.

It is important to note that, although this work demonstrates a clear advantage of the five-
response-category scale, it is relatively agnostic to the terms used to label those categories (e.g.,
source identification vs extremely strong support for common source; OSAC 2018; ASAB
2024). The choice of the decision labels has an impact both on how the examiners behave and
how they are interpreted by the consumer (Busey et al. 2022). Thus, the examiner data analyzed
here, which was collected with concrete decision labels, reflect the use of those labels. The simu-
lations exploring optimal responding, however, are not influenced by label choice. That is, the
SDT model thresholds were determined solely based on optimization of EIG. Regardless, care
should be taken when deciding on labels for categories. In particular, additional work is needed
to determine which decision labels induce the most effective use of the response scale, that is,
which decision labels encourage responding that is well calibrated against the actual strength of
the evidence. That said, the five-response-category labels used here (exclusion, support for dif-
ferent source, inconclusive, support for same source, identification), do produce close-to-
optimal responding, and so are likely a good candidate as a starting point. However, several
authors have made persuasive arguments against definitive conclusions (Champod et al. 2016;

' This analysis assumes that the distributions are fixed across response category conditions. Median parameter

values from the Bayesian SDT model are used throughout.
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Figure 10. Comparison of the EIG values generated by the two-response-category condition for different ex/id
decision thresholds and the EIG values generated by the three-response-category condition with fixed model and
optimal decision thresholds.

Biedermann 2022). In addition, the terms should be calibrated against the actual strength of the
evidence, both in terms of the intention of the examiner and the understanding by a consumer.

As a first step toward addressing the effect of label choice on EIG, we compare the response
data of fingerprint examiners who used different sets of five category responses on the same prints
(Busey et al. 2022). The first set of response categories was the expanded traditional scale used in
the previous analyses (exclusion, support for different sources, inconclusive, support for same
source, identification). The second set was the strength-of-support scale (extremely strong support
for different sources, support for different sources, inconclusive, support for common source, ex-
tremely strong support for common source). For these scales, the EIG values were very similar,
0.479 and 0.490 for the expanded traditional and strength-of-support scales, suggesting robust
results, although additional work is required to address this issue across different types of scales.

Although the SDT model used here is widely used and does an excellent job reproducing the
empirical results, it does make a number of assumptions that deserve to be made explicit and
addressed in future work. First, the evidence distributions were assumed to be normally distrib-
uted (Wixted 2020). Second, the current SDT model assumes that each fingerprint pair produces
a single evidence value, for example, a level of support for the same source proposition. It may be
that fingerprints are compared on multiple dimensions (Rotello, Macmillan, and Reeder 2004),
for example, print pairs may be assessed on both appropriateness for comparison and support
for same source, and these dimensions may interact necessitating a more complex model. For ex-
ample, saying “of value for identification™ less often would produce overall greater discriminabil-
ity for the remaining examined pairs. Finally, all decision variability was assumed to be captured
by the evidence distributions. A more complete model would explicitly incorporate separate
effects of individuals and labs (Luby, Mazumder, and Junker 2020; Luby 2023).

Note that we also modeled the examination process at the level of the individual examiner. A
laboratory report is the conglomerate of multiple examination decisions, not produced by a sin-
gle examiner, but rather by a team of examiners acting according to an examination protocol
and subject to verification. Thus, this work addresses a single stage of a larger process. For ex-
ample, the placement of an individual examiner's threshold can vary based on their psychologi-
cal state, colleagues, and the expectations and policies of their laboratories. Furthermore,
identification decisions undergo an additional step before reporting, known as verification,
where a colleague performs a comparison and decision-making process as well. It is the combi-
nation of these two examiners' opinions that results in the report to the judicial system. Because
examiners work in close proximity for many years, they gain a sense of the thresholds of their

G20z 1snBny | uo 1senb Aq 229091 8/700JEBW/ L /yZ/o1011e/1d)/W00 dno"olwepeoe)/:sdyy Wwoly papeojumoq



20 A. L. Cohen et al.

colleagues and may adjust their own internal thresholds in response. The final decision is a prod-
uct of this more complex process and future work should explore these dependencies.

The present analyses did not consider the costs of various errors, except indirectly by ac-
knowledging the outsized importance of the identification threshold in our discussion of the
analyses. This issue is complicated, because examiners typically do not know how their decisions
will be used in the judicial system, which makes it difficult to anticipate the costs of errors.
Developing approaches to navigate these challenges is an important goal for future research,
and information-based measures will likely play a critical role in these developments. Evidence-
gathering procedures only lead to costs or benefits to the extent that they convince triers-of-fact
to take different actions than they would have otherwise. For example, an incorrect fingerprint
identification does not directly put an innocent person in jail, but it might help to convince a ju-
ror that an innocent person is guilty. EIG is a theoretically driven measure for representing both
the cost of misleading evidence and the value of valid evidence, and therefore represents the fun-
damental properties that determine the usefulness of an evidence-gathering procedure: helping
people who need to make important decisions become more certain of what is actually true.
Given that examiner reports with high information value are likely to be useful under a wide
range of cost scenarios, the information-based approach provides a robust guide to effective
evidence-gathering procedures, such as fingerprint examinations.

8. Conclusion

Using EIG within a SDT modeling framework, the results clearly advocate for the use of a five-
response-category decision scale. The five-response-category scale produces an overall higher in-
formation gain, maintains high information gain even for risk-averse examiners, is more tolerant
of non-optimal decision thresholds, and tends to encourage examiner decision thresholds that
are very close to optimal. More generally, our work illustrates the critical role that information
measures can play when evaluating forensic data.

Contflict of interest statement. None declared.

Data availability

All code and results are provided at https://osf.io/ugj2q or https://doi.org/10.17605/OSF.
I0/UGJ2Q.

Appendix A: EIG Details

In this appendix, we provide a brief introduction to the mathematics underlying the calculation
of EIG (see Starns, Cohen, and Rotello 2023, for more information).

A.1 Data

We work through an example using the three-response-category data examined in the main text
(Busey et al. 2022). These data are provided in Table A1. The shaded region of Table A1 pro-
vides the joint probabilities for the experimental data. For example, 32.6% of all trials were
non-mated pairs that resulted in an exclusion decision.

Table A1. Decision proportions for the three-response-category data from Busey et al. (2022).

Decision
Pair type Exclusion Inconclusive Identification Total
Non-mated 0.326 0.160 0.004 0.489
Mated 0.035 0.198 0.278 0.511
Total 0.360 0.358 0.282 1.000
p(Non-mated | Resp.) 0.904 0.447 0.013

p(Mated | Resp.) 0.096 0.553 0.987
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Note that 50% of the prints presented for examination were mated and 50% were non-
mated. Examiners were given the option to label a pair “not of value for examination”. The
data in Table A1 are restricted to the “of-value” responses.

A.2 Bayesian updating

Bayes rule was used to compute the posterior probability over mated and non-mated print pairs.
For example, consider the probability that an excluded pair was non-mated. Because the data
are joint probabilities, this probability can be computed as

p(nnex) 0.326

ex ~ 0360 = 0904 (Ala)

plnlex) =

where 7 is non-mated, 1 is mated, and ex is an exclusion decision. In general, using Bayes rule,

plex|n)p(n) B 0.666 % 0.489

plnlex) = P{exn)p(n) £ pleximip(m) ~ 0.666 X 0489+ 0.068x 0511 _ 004 (Alb)

A.3 Surprisal

Let Y be a discrete random variable with outcomes y;, each with probability p(y;). In the current
context, Y has two possible outcomes: non-mated, #, associated with p(n), and mated, 1, associ-
ated with p(m).

Shannon (1948) derived the equation for the amount of information gained by revealing a sin-
gle outcome, that is, finding out about the true state of the world. This measure is based on a
value called surprisal, which is typically defined as

I(y;) = log, (p(ly,)> . (A2a)

When using log base 2, surprisal is measured in bits. Intuitively, surprisal measures how
“surprised” you would be at learning about the true state of the world, with higher values indi-
cating more surprise. Judgments that assign a lower probability to the true state of the world
have higher surprisal values. As such, outcomes that tend to decrease surprisal produce positive
information gain values; that is, they tend to more closely align judgments (e.g., the assessed
probability that a given pair of latent and comparison prints is mated or non-mated) with the
true state of the world.

For example, consider a single fingerprint-pair comparison that comes from the pool of
comparisons that produced the data in Table A1. Assume that this comparison involved a non-
mated pair but the examiner returned an identification decision. Someone who knows the
examiner response but not the true relationship between the latent and comparison print would
reasonably be 98.7% certain that the pair is mated (0.278/0.282 of identifications were for
mated pairs), leaving only a 1.3% chance that the pair is non-mated. In this case, however, the
examiner response was misleading, and someone with access to the examiner report would be
very surprised to learn that this particular pair is actually non-mated, as indicated by a high sur-
prisal value

I(id|n) = log, (0.3?) = 6.265. (A2b)

In contrast, consider another fingerprint-pair comparison that comes from the data in
Table A1. Assume that this comparison was also for a non-mated pair, but this time the exam-
iner returned an exclusion decision. Someone who knows the examiner response but not the
true relationship between the latent and comparison print would reasonably be 90.4% certain
that the pair is non-mated (.326/.360 exclusions were for non-mated pairs). The examiner
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response was a reliable guide in this example, and someone with access to the examiner report
would not be very surprised to learn that this particular pair was non-mated, indicated by a
small surprisal value

I(ex|n) = log, <ﬁ> = 0.146. (A2¢)

Informative examiners tend to provide reliable information; that is, they tend to help people
with access to the examiner report assign a high probability to the true state of the world, as
indexed by low surprisal values.

A.4 Entropy

Entropy, H, is the average surprisal across a probability distribution. That is, entropy is the
summed surprisal over all possible outcomes, where the surprisal of each outcome is weighted
by the probability of that outcome

H(Y) = p(y)log, (%y/)) (A3a)

Outcomes with probability zero are dropped.

Entropy measures the uncertainty associated with a probability distribution—the less predict-
able the outcome, the higher the entropy. Entropy embodies the intuition that it is easier to judge
whether a pair of prints are mated or not when those prints are sampled from a set of predomi-
nantly mated or predominantly non-mated pairs. It is hardest to judge whether a pair of prints
are mated when those prints are sampled from an even mix of mated and non-mated pairs.

Continuing with examples from Table 1A, entropy would be defined not for a single finger-
print comparison, as in the surprisal examples, but for an entire set of comparisons. For exam-
ple, entropy can be defined for all of the comparisons in aggregate. Given that the examiners
provided judgments for 50% mated and 50% non-mated pairs, the optimal strategy, before see-
ing the examiner’s decision, is to judge that every print has a 50% chance of being mated or
non-mated."* The entropy is then given by

H(Y) = p(n)log, (ﬁ) oo, <ﬁ)

— 0.50x log, (ﬁ) +0.50 x log, (ﬁ)

=0.50x1.00+0.50x1.00 = 1.00 bit.

(A3b)

The value of 1 represents the 1 bit of information that would be gained, on average, if it was
revealed whether the prints are mated or not. Because this value was determined before knowl-
edge of the examiner decision, it is called the prior entropy.

Entropy can also be defined for the subset of comparisons that are associated with a given ex-
aminer decision, and this value represents the posterior entropy that takes the examiner decision
into account. The posterior entropy is determined in the same way as the priori entropy, but
uses the posterior probabilities of a mated and non-mated pair as given in Table A1 and dis-
cussed in the Bayesian updating section. For example, say an examiner provided an identifica-
tion decision (id) to a pair of prints. Then the posterior entropy is given by

12 Recall that the data in Table A1 deviate slightly from a 50/50 base rate due to the selection of only “of-val-

ue” trials.
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H(Y|id) = p(nlid)log, (W) P (mid)log, (W)

1 1

= 0.013%x6.265+0.987x0.019 = 0.098 bit.

(A3c)

Now, only 0.098 bits of information are gained on average from learning whether the print
pair is mated after an identification decision. This change occurs because identifications almost
always stem from mated pairs (98.7%), and very little information is gained if it is learned that
the prints are mated. More information is gained if it is learned the prints are non-mated, but
this happens very seldom.

A.5 Information Gain

The information gain associated with a particular examiner decision is the difference in entropy
before and after knowledge of the examiner decision. That is, the information gain is the differ-
ence between the prior entropy and posterior entropy. Continuing the example from the previ-
ous section, the information gain associated with an identification response is given by

IG(id) = H(Y)-H(Y|id) = 1.000-0.098 = 0.901. (A4)

That is, 0.901 bits of information are gained from an identification decision, on average.

A6 EIG

Information gain is computed for a single response. EIG takes the weighted average of informa-
tion gain across all responses. EIG is computed as

EIG = Zip(d,«)IG(d,'), (AS)

where d; is Decision i. For the data from Table A1, EIG is 0.453. The complete steps for comput-
ing EIG for the data from Table A1 are provided in Table A2.

Table A2. Steps in computing EIG for the three-decision category data from Table A1.

Decision (d) ~ p(dn)  pldm)  pld)  pmld)  H(Yd) 1G(d) p(d)XIG(d)
Exclusion 0.666 0.068 0.360 0.096 0.456 0.543 0.196
Inconclusive 0.327 0.388 0.358 0.553 0.992 0.008 0.003
Identification 0.007 0.544 0.282 0.987 0.098 0.901 0.254

S p(d) x IG(d) = EIG = 0.453

Notes. p(d|n) is probability of Decision d on comparisons of non-mated prints; p(d|m) is probability of Decision d on
comparisons of mated prints; p(d) is overall probability of Decision d; p(1|d) is posterior probability of a mated pair
for Decision d (posterior probability of non-mated is 1 — p(m|d)); H(Y|d) is entropy given Decision d; IG(d)
information gain for Decision d; EIG is expected information gain. These calculations assume prior proportions of
0.50 for both non-mated and mated prints.

Appendix B: Analysis details

This appendix provides details of the Bayesian implementation of the signal detection model of
fingerprint analysis discussed in the text. All code and results are provided at https://osf.io/ugj2q
or https://doi.org/10.17605/0OSF.I0/UGJ2Q.

B.1 Software

The model was developed and run using the rstan package (Stan Development Team 2023
v2.21.8) in R (R Core Team 2023; v4.3.2). HDIs were computed using the package HDInterval
package (Meredith and Kruschke 2022, v0.2.4).
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B.2 MCMC parameters

Four chains of 10,000 iterations were run, including 5,000 warm-ups.

B.3 Data

The model was simultaneously applied to the three- and five-response-category data from Busey
et al. (2022). Although they provided a decision for all fingerprint pairs, examiners initially de-
termined whether each pair was of good enough quality or “of-value” for comparison. Only
responses initially deemed “of-value” for exclusion or identification were used. The same
parameters were also used to account for a two-response-category condition, which was gener-
ated from the three-response-category condition by combining the exclusion and inconclusive
categories into a single non-id response category.

B.4 Prior distributions

For both the three- and five-response-category conditions, we assumed, without loss of general-
ity, that:

H,m = 0.00, mean of the non-mated distribution.

6.m = 1.00, sd of the non-mated distribution.

The following are the prior distributions for the mated distribution parameters. We assumed
these parameters are shared across the three- and five-response-category conditions:

U, ~ N(2.40, 4.00), mean of the mated distribution.
6m ~ gamma(1.00, 1.00), sd of the mated distribution.

Minimal allowed values for u,, and 6,, were 0.10.

The following are the prior distributions for the decision thresholds. This threshold parame-
terization was selected to reduce parameter dependencies. These thresholds were transformed
into more meaningful thresholds as discussed below.

€3piazs ~ N(0.00, 3.00), center of the inconclusive category relative to the cross-over point of
the non-mated and mated distributions, for the three-response-category condition. For example,
if ¢pize3 = 0, the inconclusive category is centered on the cross-over point of the non-mated and
mated distributions.

c3ine ~ U(0.01, 6.00), width of the inconclusive response category, for the three-response-
category condition.

cSpias ~ N(0.00, 3.00), center of the inconclusive category relative to the cross-over point of
the non-mated and mated distributions, for the five-response-category condition.

cSine ~ U(0.01, 6.00), width of the inconclusive response category, for the five-response-
category condition.

cSe4s ~ U(0.01, 6.00), width of the support for different source response category, for the
five-response-category condition.

cSes ~ U(0.01, 6.00), width of the support for same source response category, for the five-
response-category condition.

Minimal allowed values for the bias decision thresholds were 0.10, and minimal values for all
other decision thresholds were 0.01.

B.5 Decision thresholds transformations

The parameters from the previous section were transformed to the decision thresholds discussed
in the main text as follows. ex is the exclusion response category, sds is support for different
source, inc is inconclusive, sss is support for same source, id is identification, and the non-id cat-
egory was created by combining the ex and inc response categories from the three-response-
category condition. For the three-response-category condition:
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3inc
C3ex/in5 = C3bias'c /27

3ine
C3inc/id = 3pigs +° /2~

For the five-response-category condition:

Sine
Csex/sds = Csbias'c /z'cssdsv

Sine
CSsds/inE = CSbias'C /27
Sine
Csinc/sss = Csbias +° /27

Sinc
Cssss/id = CSpigs +° /2 + CSss-

For the two-response-category condition there is only one decision threshold, which is identi-
cal to the three-response-category inc/id decision threshold:

Cznon-id/id = C3inc/id-

B.6 Response proportions
Response proportions were computed as the area under the appropriate distribution between
the relevant decision thresholds. In the following, ®(X;u, o) is the cumulative Normal distribu-
tion to X with mean u and sd o, ex is the exclusion response category, sds is support for different
source, inc is inconclusive, sss is support for same source, id is identification, and non-id was cre-
ated by combining the ex and inc response categories from the three-response-category condi-
tion. For the two-response-category condition:

p (non-id|non-mated) = D (c2,10n-id/id’ Hnm> O )
p(id|non-mated) = 1-@ (2 pon-id/id’ Hom> Onm )
p(non'id‘mated) = q)(cznon-id/id;ﬂmv O'm)
p(1d|mated) =10 (Cznon-id/id§/"m: O'm)
For the three-response-category condition:

p (ex\non—mated) = ‘D(C3ex/im:; oy om,,)
p (inclnon'mated) = (Cainc/id; Hom> Gnm) -® (Csex/inc; Hom Gnm)

p(id|non-mated) = 1-® (Binc/ids Hms Ornm)
p(ex|mated) = @(c3ex/inc;um7om)
P(inc|mﬂt€d) = (D(C3inc/id;/4mv Um)'q) (C3ex/inc§ﬂma O'm)

p(idimated) = 1-®(c3juc/id; o Om)

For the five-response-category condition:
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p(ex|non-mated) = @ (S s sds: s Onm)

)
)

p(inclnon-mated

p(sds|non—mated = CD(CSSdS/inc;/'lnmv Un’rn)'q) (Csex/sds;/"nm7 Unm)

= (Csinc/sss§ Hom> Gnm) -® (Cssds/inc; Hom> O-nm)
p (sss | non—mated) =0 (chss/l-d; o anm) -® (CSW/SSS; o anm)

P (id|non-mated) 1-@ (S ss/ids Hnms Crnm)

p(ex|mated) = @ (Sex/sdsi Hms Om)
p<5d5‘mated) = cI)(Cssa's/inc; Hons o'm)_q)(csex/sds”‘m, Um)
14 (inclmate‘d) = (I)(CSinc/sss; Hiny Gm)'q) (CSSds/inc; Hons O'm)

p (sss|mated) = q)(cssss/id; K> o-m)'q) (CS,‘,,C/SSS; K> O-m)

p(zd|mat€d) = 1‘q)(65$ss/id;:um> O-m)

B.7 Computation of optimal and maximum EIG

For a given u,, and o,,, the optimal decision thresholds were determined by maximizing EIG us-
ing the optim optimization function in R.

For a given u,, and 6,,, the maximum EIG was estimated by drawing 10,000 samples from the
non-mated and mated distributions, computing the likelihood ratio that each sample was drawn
from the mated distribution, transforming these likelihood ratios to the probability of a mated
pair, and then computing EIG over the probabilities as described previously.

See code for further details.

B.8 Diagnostics and posterior predictive check

All diagnostics were checked via inspection of trace plots. All parameters converged. Pairwise
posterior samples for the model parameters (including transformed decision thresholds) are
shown in Fig. B1.
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Figure B1. Pairwise posterior samples from the Bayesian model. mu and sigma are the mean and standard
deviation of the mated distribution, respectively. c3and c5 indicate the three- and five-response-category
conditions, respectively. ex is the exclusion response category; sds is support for different source; incis
inconclusive; sssis support for same source; and id is identification. For example, ¢3 ex/incis the decision
threshold separating the exclusion and inconclusive response categories for the three-response-category condition.
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A posterior predictive check shows that the model also did a very good job accounting for the

A. L. Cohen et al.

data from all response category conditions, as illustrated in Fig. B2.
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Figure B2. Posterior predictive results from the Bayesian implementation of the signal-detection model for the
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response category

two-, three-, and five-response-category conditions. The model results are 95% HDIs.
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