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Abstract. Forensic science often involves the evaluation of crime-scene
evidence to determine whether it matches a known-source sample, such as
whether a fingerprint or DNA was left by a suspect or if a bullet was fired
from a specific firearm. Even as forensic measurement and analysis tools
become increasingly automated and objective, final source decisions are
often left to individual examiners’ interpretation of the evidence. Furthermore, forensic analyses often consist of a series of steps. While some of
these steps may be straightforward and relatively objective, substantial
variation may exist in more subjective decisions. The current approach
to characterizing uncertainty in forensic decision-making has largely centered around conducting error rate studies (in which examiners evaluate
a set of items consisting of known-source comparisons) and calculating
error rates aggregated across examiners and identification tasks. We propose a new approach using Item Response Theory (IRT) and IRT-like
models to account for differences in examiner behavior and for varying difficulty among identification tasks. There are, however, substantial
differences between forensic decision-making and traditional IRT applications such as educational testing. For example, the structure of the
response process must be considered, answer keys for comparison tasks
do not exist, and information about participants and items is not available due to privacy constraints. In this paper, we provide an overview
of forensic decision-making, outline challenges in applying IRT in practice, and survey some recent advances in the application of Bayesian
psychometric models to fingerprint examiner behavior.
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Introduction

“Forensic science” is a broad field that consists of many different scientific disciplines that are used in a legal context. These scientific disciplines range from
highly objective, such as single-source DNA analysis, to highly subjective, such
as bite mark analysis. Forensic science relies on forensic examiners, who are responsible for determining whether a piece of evidence left at a crime scene came
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from a particular source. Depending on the type of evidence, this process may be
nearly automatic and consistent across examiners or vary considerably depending on the examiner performing the analysis. For many disciplines, examiners
report their results as an expert opinion of one of three outcomes: the suspect
is the source of the evidence (known as an identification or individualization)4 ,
the suspect is not the source of the evidence (known as an exclusion), or that
the analysis was inconclusive (Stern, 2017).
This work focuses on fingerprint evidence, in which a forensic examiner compares a latent fingerprint (e.g. from a crime scene) to one or more reference
prints to determine whether they came from the same source or not. The standard operating procedure for analyzing fingerprint evidence is a series of steps
known as ACE-V (Analysis, Comparison, Evaluation, Verification), but each
step in the ACE-V process is a complex task involving many different factors
(see, e.g., OSAC, 2019 for details), and forensic examiners may vary in their approach to the ACE-V process. They may have different standards for the quality
or clarity of latent fingerprint needed to perform an analysis, may select different fingerprint features (called minutiae) on which to base a comparison, and
may have different thresholds for the degree of similarity required to declare an
individualization (or exclusion).
The current approach to characterizing uncertainty in examiner decisions
has focused on the calculation of aggregated error rates across all examiners and
identification tasks. This approach is not ideal for comparing examiner performance, as examiner decisions are not always unanimous, and error rates are likely
to vary across identification tasks depending on the difficulty of the comparison.
The variation in examiner decisions alongside the variation in task difficulty
makes this application conducive for Item Response Theory (IRT) and related
psychometric models (Kerkhoff et al, 2015; Luby et al, 2020).
However, standard IRT approaches must be adapted for this type of data.
First, responses are not keyed as ‘correct’ or ‘incorrect’ by the test provider.
While we may infer that an individualization of a same-source print is ‘correct’,
and an exclusion of a same-source print is ‘incorrect’ (and vice-versa for differentsource prints), it is unclear how ‘inconclusive’ responses should be treated. For
example, an inconclusive on a low-quality print may be considered the ‘correct’ decision, but an inconclusive on a high-quality print may be considered an
‘incorrect’ decision since a potential individualization or exclusion was missed.
Second, fingerprint comparisons consist of a series of sequential steps. Collapsing
the decisions made at each of these steps into a single response ignores the conditional structure of the responses and results in the loss of information about
variation at each step of the process. We propose the use of the Item Response
Trees framework (IRTrees, De Boeck and Partchev 2012) as a solution to these
issues.
4

An ‘individualization’ is an ‘identification’ to the global exclusion of all others
(OSAC, 2017). Following Ulery et al (2011), we use ‘individualization’ and do not
distinguish between ‘individualization’ and ‘identification’.
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The remainder of the paper is organized as follows. In Section 2, we introduce
the FBI Black Box Study (Ulery et al, 2011), which is the source of the data
used throughout the paper. In Section 3, we introduce the IRTrees framework
and a model for the fingerprint comparison task. Results are briefly described in
Section 4, and limitations and future work are discussed in Section 5.

2

Data

The FBI Black Box study (Ulery et al, 2011) was the first large-scale study performed to assess the accuracy and reliability of fingerprint examiners’ decisions
in the United States. 169 latent print examiners were recruited for the study,
and each participant was assigned roughly 100 items from a pool of 744. Each
item consisted of a latent print (fingerprint of unknown source lifted from, e.g.,
a crime scene) and a reference print (fingerprint of known source taken under
idealized conditions). The latent prints were designed to include a range of features and quality similar to those seen in casework and to be representative of
searches from an automated fingerprint identification system.
The study provided an estimate of the aggregated false positive rate (0.1%)
and false negative rate (7.5%) in casework. In addition, each recorded response
to an item consists of results from the following decisions:
1. Latent evaluation: the examiner’s evaluation of whether the crime scene print
is of No Value, Value for Exclusion Only, or Value for Individualization.
2. Source decision: the examiner’s decision of whether the pair of prints is an
Exclusion (different sources), Individualization (same source), or Inconclusive.
3. If inconclusive, one of:
– Close: The correspondence of features is supportive of the conclusion
that the two impressions originated from the same source, but not to
the extent sufficient for individualization
– Insufficient Information: Potentially corresponding areas are present,
but there is insufficient information present.
– No Overlap: No overlapping areas between the latent and reference print
4. If exclusion, one of:
– Pattern: The exclusion determination could be made on fingerprint pattern class (the overall shape of the fingerprint ridges) and did not require
the use of minutiae (the small details in the fingerprint).
– Minutiae: The exclusion determination required the use of minutiae .
5. Difficulty (Five-point scale)
Note that due to conflicting responses in the latent evaluation stage, we do
not distinguish between value for individualization and value for exclusion only
for this analysis, and treat the latent evaluation as a binary response (Has value
vs No value) instead. We also base our analysis on OSAC, 2019, and pool the
Insufficient Information and No Overlap inconclusives into one category.
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While the study emphasized estimating casework error rates and therefore
focused on the source decision, important trends in examiner behavior are also
present in the other decisions. For example, latent print examiners vary in their
tendencies towards ‘no-value’ and ‘inconclusive decisions’. Figure 1 shows the
distribution of the number of inconclusive and no value decisions reported by
each examiner. Although most examiners report between 20-40 inconclusives and
15-35 ‘no value’ responses, some examiners report as much as 60 or as few as 5.
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Fig. 1. Number of inconclusive and no value decisions reported by each examiner.

Furthermore, there are some items which examiners largely agree on, and
other items where there is substantial disagreement. Figure 2 shows an example
of one high-disagreement item (left) and one low-disagreement item (right). Each
column represents one of the sub-decisions made for each item assessment: (1)
latent evaluation, (2) source decision, and (3) reason for the decision. We note
that, even for the item on the right for which examiners largely agreed, there is
still some disagreement in both the source decision and the reason.
By modeling these responses explicitly, we can assess individual differences
among examiners in their tendencies to make latent evaluations, source decisions,
and reasons for decisions. Similarly, we can measure the variation among items
for each stage in the decision-making process.
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Fig. 2. An illustration of how examiners responded to a high-disagreement item (left)
and low-disagreement item (right) for each of three sub-decisions (latent value, source
decision, reason for decision).
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Item Response Trees

Item Response Trees (IRTrees, De Boeck and Partchev 2012) use decision trees to
describe hypothesized cognitive processes, where the leaves are the final observed
outcome. The IRTree formulation can represent a wide variety of response formats and response processes, easily adapted for binary responses, unipolar scales,
bipolar scales, and Likert responses (Jeon and De Boeck, 2016). In the forensic
science setting, IRTrees are useful for representing the sequential decision-making
process explicitly (Luby et al, 2020).
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Fig. 3. Example IRTree model tree structure (left) and outcome probabilities (right).

Figure 3 illustrates a basic IRTree model for a response with three possible
outcome categories (e.g. Y = 1, 2, 3), where Y1∗ and Y2∗ are nodes constructed to
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represent internal decisions that lead to each of three outcomes. If Yij denotes
∗
denotes
the response of participant i (i = 1, ..., I) to item j (j = 1, ..., J), Y1ij
∗
the choice of left or right branch at Y1 for person i at item j.
The probability of choosing the left branch at node 1 (Y1∗ in Figure 3) can be
modeled using standard IRT models. We use the Rasch model at binary nodes for
∗
interpretability and computational convenience: P (Ykij
= 1) = logit−1 (θki −bkj ),
where θki denotes the latent trait involved with choosing the left branch at node
k for person i and bkj is the corresponding Rasch parameter for item j. In
a standard Rasch model for correct/incorrect outcomes, the item parameters
(bj ) correspond to the difficulty of the item, where higher values of bj decrease
the probability that Yij = 1. When IRTree branch decisions do not correspond
to incorrect/correct choices, the item parameters represent an “item tendency”
towards one branch over the other rather than difficulty.
The model for the probability of choosing the left branch at Y2∗ is similar,
∗
∗
except it is conditional on Y1∗ being equal to zero (i.e. we model P (Y2ij
= 1|Y1ij
=
0) instead of P (Y2ij = 1)). The probability of each observed response (Outcome
1, 2, or 3) is then the product of the probabilities of the internal branches leading
to each leaf in the tree (Figure 3 right).

3.1

Model for Fingerprint Comparisons

We use an IRTree model constructed using the OSAC Process Map (OSAC,
2019). The constructed IRTree is a necessary simplification of the process map
based on the available data in the Black Box study. There are many decisions
represented in the Process Map, but there is no way to reconstruct many decisions based on the responses that were recorded in the Black Box study. We also
note that not every examiner uses the Process Map for every decision, and that
processes may vary by agency.
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plots in Figure 5.
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Each node is parameterized using a Rasch model with bkj = β0k +β1k Xj +kj ,
where Xj = 1 if item j is a true same-source pair and 0 if item j is a differentsource pair.
We take a Bayesian approach to estimation, which allows us to estimate
posterior distributions for all participant and item parameters simultaneously.
The IRTree model was implemented in Stan (Stan Development Team, 2018b,a)
using R (R Core Team, 2013). Multivariate normal distributions were chosen
for θ and b. Other parameter distributions were chosen based on recommended
priors for efficiency, and all code is publicly available5 .
θ i ∼ M V N5 (0, σθ Lθ L0θ σθ ),
Lθ ∼ LKJ(4),
σb ∼ Half-Cauchy(0, 2.5),
bj ∼ M V N5 (βXj , σb Lb L0b σb ),
Lb ∼ LKJ(4),
σb ∼ Half-Cauchy(0, 2.5),
βk ∼ N (0, 5).
Here Xj is the column vector (1, Xj )0 , β = (β1 , ..., β5 ) is the 5 × 2 matrix whose
k th row is (β0k , β1k ), and σb is a 5 × 5 diagonal matrix with σ1b , ..., σ5b as the
diagonal entries; σθ in the previous line is defined similarly. The Stan modeling
language does not rely on conjugacy, so the Cholesky factorizations (Lθ and Lb )
are modeled instead of the covariance matrices for computational efficiency.

4

Results

The IRTree model introduced in Section 3.1 is complex and results in 5 parameters per person and per item, in addition to hyperparameters. We focus on
two aspects of the results of the model: (1) the magnitude and uncertainty of
participant parameters and (2) using item parameters to generate an “answer
key”.
4.1

Participant Parameters

For each of the 169 participants (indexed by i), the IRTree model estimates five
parameters: a ‘no value’ tendency (θ1i ), a ‘pattern exclusion’ tendency (θ2i ), a
‘match’ tendency (θ3i ), an ‘individualization’ tendency (θ4i ), and a ‘minutiae
exclusion’ tendency (θ5i ). Each of these θ estimates correlates with an observed
outcome (e.g. θ1i correlates with percent of No Value decisions) but also accounts
for the corresponding item tendencies. For example, θ1 represents the tendency
of an examiner to choose no value after accounting for the subset of items that
5
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they were shown. Figure 5 shows the five θ estimates for each examiner (with
95% posterior intervals) as compared to each examiner’s proficiency estimate
from a Rasch model fitted to scored data.
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θ3 (Match)

θ4 (Individ.)

θ5 (Minutiae Excl)

IRTree Estimate

10
5
0
-5
-10
-4 -2 0

2

-4 -2 0

2

-4 -2 0

2

-4 -2 0

Proficiency (from scored model)

2

-4 -2 0

2

Fig. 5. Number of inconclusive and no value decisions reported by each examiner.

First, we note that estimated proficiency under a Rasch model is not sufficient
for understanding examiner behavior. As outlined in Section 1 and 2, fingerprint
comparisons are a complex task consisting of a series of steps. Any mapping
from the original responses to a binary response necessarily results in the loss
of information. Furthermore, there is no designated ‘answer key’ for the Black
Box items, and it is unclear how ‘inconclusive’ or ‘no value’ responses should be
treated.
Figure 5 demonstrates that even though the IRTree does not require any
responses to be scored as correct or incorrect, θ4 and θ5 (and to some extent the
other parameters) are still correlated with proficiency from a Rasch model. That
is, we can still identify examiners who often correctly individualize or exclude
(corresponding to more positive θ4 and θ5 estimates), as well as those who make
more false individualizations and exclusions (corresponding to more negative θ4
and θ5 estimates).
Furthermore, the ‘match’ tendency estimates (θ3 ) are the least extreme in
magnitude of all of the θ estimates. Examiners are therefore unlikely to disagree
on whether a pair of fingerprints is more likely a ‘match’ or a ‘non-match’(the Y3∗
split of the IRTree model in Figure 4), but do disagree on the level of certainty in
such a decision (i.e. individualization vs close, Y4 or minutiae exclusion vs inconclusive, Y5 ). This is consistent with previous work that examiners ‘willingness to
respond’ drives much of the disagreement (Dror and Langenburg, 2019).
Finally, we note that there is substantial variation in the ‘no value’ tendency
θ1 . We observe a slight negative correlation between θ1 and proficiency from a
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scored model, and that examiners with negative θ1 estimates (less likely to rate
items as no value), tend to have positive θ4 and θ5 estimates (more likely to
rate items as individualization or minutiae exclusion), providing a link between
some of the ‘willingness to respond’ parameters. The posterior intervals for θ1
are also noticeably smaller than, e.g., individualization tendency (θ4 ), likely due
to more observations at earlier nodes in the IRTree.
4.2

Generating an ‘answer key’ from item parameters

Using the parameter estimates from each item, we can also estimate the probability of observing each response for a hypothetical “unbiased” examiner. For
example, a completely unbiased examiner would have θk = 0 for all k nodes in
the IRTree, resulting in responses that are totally driven by the item parameters.
If such an examiner responded to all 744 items in the FBI “Black Box” study, we
can calculate the predicted response to each item. These results could be used
as an “answer key” to identify potentially problematic responses since correct
and incorrect responses are not keyed by the FBI.
Table 1 compares the IRTree answer key described above to a modal answer
key, where the expected answer to each item is determined by the most popular
response to that item. We see that the answer keys largely agree, with both
keys labeling very few items as Pattern Exclusion or Close inconclusive. The
most disagreement between the answer keys occurs when the modal answer key
predicted a No Value or an Other Inconclusive and the IRTree model obtained a
different label (the first and fourth column, respectively), and when the IRTree
model labeled an item with an Other Inconclusive (the fourth row).
Table 1. A comparison of how each item was keyed by the IRTree answer key (rows)
and the Modal answer key (columns). While the two answer keys agree on most items
(corresponding the diagonal entries), there is some disagreement when the modal answer key labeled items as No Value (first column) or inconclusive (fourth column).
Modal Answer Key
No Value Individualization Close Inconclusive
No Value
IRTree Individualization
Answer Close
Key
Inconclusive
Minutiae
Exclusion
Pattern
Exclusion

175
1
13
1
2

173
24
7

Minutiae Pattern
Exclusion Exclusion

2
2
1
170
4

154

2
13

While Table 1 compares the two answer keys across items, we can also compare the results of the answer keys across participants. Figure 6 shows the observed score (% Correct) for each participant under the IRTree Answer Key and

10

Luby et al.

Modal Answer Key. If there was perfect correspondence across the two answer
keys, all points would be located on the dashed diagonal line. While some participants receive slightly higher or lower scores under the IRTree answer key
than they do under the modal answer key, the scores do not change substantially or in a systematic way. For this setting, we prefer the IRTree framework
since the expected responses account for patterns in examiner behavior. For a
further discussion of IRTree-generated answer keys and their relationship with
other methods such as cultural consensus theory, see Luby (2019).

% Correct (IRTree Key)

Participant Score Comparison
0.9
0.8
0.7
0.6
0.5
0.5

0.6

0.7

% Correct (Modal Answer Key)

0.8

0.9

Fig. 6. Each participant’s observed score under the IRTree answer key compared to
their observed score under the modal answer key. Perfect correspondence is indicated
by the dashed line.
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Discussion

The current approach to characterizing uncertainty in forensic decision-making
is largely focused on estimating aggregated error rates across examiners and
identification tasks. We have proposed a new approach using IRTrees to account
for differences in examiner behavior at different points in their decision-making
process, and how estimated parameters can be used to generate an answer key to
identify potentially problematic responses. Although there are many items with
substantial variation in the responses, most items were found to have a clear
expected answer. Examiners should receive feedback not only when they make
a false identification or exclusion, but also when mistaken ‘inconclusive’ or ‘no
value’ decisions are made. In order to provide such feedback, expected answers
must first be generated.
There are, however, limitations to the types of analyses we can perform with
this data, particularly in explanatory modeling. For example, rich survey data
was collected alongside responses in the Black Box study (e.g. type of training,
years of experience, etc.) but survey responses were not linked to test responses
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to maintain the confidentiality of participants. Furthermore, unlike traditional
IRT applications, there are also privacy concerns regarding the items themselves.
Each item consists of a pair of images of fingerprints, which by nature are identifiable and cannot be publicly released. This complicates explanatory modeling
for participants and for items.
Following the Black Box study, there was a series of follow-up studies performed using the same set of participants, and we plan to expand our analyses to
include these results. The first was a ‘repeatability’ study (Ulery et al, 2012), in
which 72 participants of the original Black Box study were asked to re-analyze
25 questions seven months after the original study, which provides a unique opportunity to validate conclusions on truly out-of-sample data. The ‘White Box’
study (Ulery et al, 2014) asked examiners to annotate features, image clarity,
and correspondences between latent and reference images when making their determinations. This additional information could be incorporated into a psychometric model to better understand variation in examiner thresholds for making
latent evaluation and source decisions.
In addition to research studies, forensic examiners also participate in annual
proficiency tests, for which psychometric modeling can also be used (Luby and
Kadane, 2018). While current proficiency tests are generally perceived to be easy
with high-quality images (Gardner et al, 2020), they can be misinterpreted in
legal contexts (Garrett and Mitchell, 2017). IRT-like models should be adopted
for all proficiency testing. This would allow for the standardization of examiner
scores across multiple years, adjusting for exams that were easier or harder than
other exams. Research is also currently being conducted on blind proficiency
tests, (see Mejia et al (2020) for overview), in which participants are unaware
that they are being tested. This process is more complicated to implement than
standard ‘open’ proficiency tests, as items need to be integrated within regular
casework. Psychometrics could provide the methods for validating such tests and
comparing results to open proficiency tests.
While we have focused on fingerprint identification throughout this paper,
forensic science is a broad term used to describe many scientific fields, each of
which relies at least partially on human decision-making. Psychometric models could be applied to each of these scientific areas to better understand the
variability in examiner decision-making and potential impacts on final case outcomes.
Forensic science is an area ripe for psychometrics due to variation and uncertainty among forensic examiners, as well as the varying quality of evidence
and corresponding difficulty in the analysis task. However, there are also challenges including privacy concerns for participants and for items, responses that
are not keyed as correct or incorrect, and the sequential structure of forensic
decision-making that must be accounted for. Through complex psychometric
modeling, along with domain expertise, we can better understand variation in
forensic decision-making and factors that impact that variation.
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