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Preface

The field of forensic genetics is undergoing a profound transformation driven by rapid

technological innovation and increasing interpretative complexity. This Reprint gathers the latest

methodological developments, emerging challenges, and future perspectives in contemporary forensic

science. The primary aim and purpose of this scientific work is to provide a comprehensive and

multidimensional overview of modern forensic genetics, focusing on critical topics such as population

diversity, kinship analysis, DNA transfer dynamics, complex and degraded sample analysis, and

predictive approaches like forensic DNA phenotyping.

The motivation for compiling this scientific work stems from the crucial need for robust

interpretative frameworks that can match the heightened sensitivity of new analytical techniques. As

tools like next-generation sequencing and probabilistic genotyping become standard in laboratories,

the demand for specialized, shared knowledge becomes vital to ensure that biological evidence is

accurately evaluated within legal contexts.

This Reprint is addressed to a broad audience, including forensic biologists, geneticists, medical

examiners, legal professionals, and researchers who wish to stay informed about the cutting edge of

forensic science.

Mauro Pesaresi

Guest Editor
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Editorial

Advanced Research in Forensic Genetics

Mauro Pesaresi * and Alessia Bernini Di Michele

Section of Legal Medicine, Department of Biomedical Sciences and Public Health, Polytechnic University of
Marche, Via Tronto, 60126 Ancona, Italy; a.bernini@pm.univpm.it
* Correspondence: m.pesaresi@univpm.it

This Special Issue on advanced research in forensic genetics aims to showcase recent
methodological developments, emerging challenges, and future perspectives in a field that
is rapidly evolving under the pressure of technological innovation and increasing inter-
pretative complexity. Modern forensic genetics encompasses population genetics, kinship
analysis, DNA transfer dynamics, complex and degraded sample analysis and predictive
approaches such as forensic DNA phenotyping. The contributions collected in this Special
Issue reflect this multidimensional evolution, emphasizing both the opportunities and the
critical need for robust interpretative frameworks. This Special Issue brought together six
original research articles and two reviews that collectively highlight both the advances and
persistent challenges in contemporary forensic genetics.

At the population level, K. Alkaraki et al. [1] provided a clear example of how ge-
netic markers can inform both forensic databases and anthropological interpretation. By
analyzing Y-chromosome variation in Jordanian Bedouin and Fellahin groups, the au-
thors demonstrated how social structure, mobility, and cultural practices shape paternal
genetic diversity.

A similar concern with interpretation emerges in the work of Kruijver [2], which
focused on identity-by-descent (IBD) segments to distinguish biological relationships. This
study investigated the evidential value obtained for discriminating between common
pedigree relationships if IBD is observed continuously across the autosomal genome
without error. In the continuous case, the evidential value is limited only by the pedigree
relationship and recombination rates. This highlighted a recurring issue in forensic genetics:
as analytical sensitivity increases, so does the complexity of interpreting results within a
probabilistic framework.

Another complex field in forensic genetics concerns DNA transfer. The experimental
study by Lee et al. [3] demonstrated that secondary DNA transfer between items stored in
the same evidence package is far from negligible. Even without direct contact, DNA can
transfer in a significant proportion of cases, sometimes influencing forensic interpretation.

These findings align with the broader discussion presented in the review by Bini
et al. [4], which examined the role of domestic animals as vectors of human DNA. Pets
can act as reservoirs and intermediaries of genetic material, enabling both primary and
secondary transfer across multiple steps. Together, these studies emphasize that DNA
evidence cannot be interpreted in isolation from mechanisms of transfer and the context in
which biological traces are deposited.

The challenge of interpreting DNA evidence is compounded when dealing with
complex or degraded samples. The contributions focusing on formalin-fixed, paraffin-
embedded (FFPE) tissues illustrated the technical limitations of current methodologies
(Lisman et al. [5]). Although improved extraction kits, such as the Maxwell® RSC Xcelerate
system, allowed the recovery of relatively high quantities of DNA, the quality of the genetic

Genes 2026, 17, 582 https://doi.org/10.3390/genes17050582
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material often remained insufficient for complete STR profiling. These findings underlined
the need for alternative approaches, such as miniSTRs, SNP panels, and next-generation
sequencing, particularly in cases where FFPE samples represent the only available source
of DNA.

The use of FFPE tissue is also common in post-mortem analyses, particularly when
these blocks represent the only available biological material. This is illustrated by the study
conducted by Bernini et al. [6], which investigated genetic variation by analyzing both
blood and FFPE tissue samples using NGS techniques. The aim was to identify variants in
cardiac genes associated with sudden unexpected death in epilepsy (SUDEP).

Another highly studied topic in advanced research in forensic genetics is forensic DNA
phenotyping (FDP). The review by Sessa et al. [7] outlines the current state of the art, with
particular attention paid to low-template DNA and the integration of machine learning
models to enhance predictive accuracy. However, the authors also stress the importance of
addressing ethical considerations and population biases, reminding us that technological
innovation must be accompanied by responsible implementation.

González-Ortiz et al. [8] evaluated the performance of FDP using the ForenSeq™
Imagen kit on a Mexican mestizo population. Phenotype prediction was performed using
the HIrisPlex-S model, while ancestry inference relied on principal component analysis. The
results showed that ancestry, hair and skin color, and sex prediction were generally robust,
even under suboptimal DNA conditions. However, eye color prediction was significantly
affected by the dropout of key SNPs, leading to reduced accuracy. Overall, the study
highlights that FDP performance strongly depends on the presence of specific high-impact
genetic markers rather than overall genotype completeness.

Taken together, the contributions in this Special Issue illustrate a field that is rapidly
evolving toward greater sensitivity and sophistication. However, they also make clear that
progress in forensic genetics is not solely a matter of technological advancement; equally
crucial is the development of robust interpretative frameworks that account for population
diversity, DNA transfer dynamics, sample quality, and probabilistic reasoning. Bridging
these aspects will be essential in ensuring that DNA evidence continues to serve as a
reliable and scientifically grounded tool within the justice system.

Conflicts of Interest: The authors declare no conflicts of interest.
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A Mini Narrative Review on Human DNA Transfer Involving
Dogs and Cats and Their Role in Forensic Investigation
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Abstract

Background/Objectives: The potential role of domestic animals in DNA transfer, persis-
tence, prevalence and recovery (TPPR) warrants careful consideration in forensic contexts.
This mini narrative review aims to provide an updated overview of human DNA transfer
involving household dogs and cats as vectors, to clarify their forensic relevance, and to
identify key considerations for the design of future experimental research. Methods: A nar-
rative review was conducted using multiple electronic databases as search engines without
restriction related to the timing of publication. Results: Experimental evidence shows that
dogs and cats readily acquire human DNA following even brief contact, acting as reservoirs
for primary DNA transfer. Once acquired, human DNA can be redistributed via secondary
transfer to a wide range of substrates, such as gloved hands, vehicle interiors, clothing, and
surfaces. Moreover, multi-step and higher-order transfer events have been documented,
highlighting the complexity of DNA transfer involving household animals. Conclusions:
The sampling on pets may be included in certain scenarios and may contribute to building
a Bayesian network together with the experimental data. To deal with uncertainty during
probability assignment, more experimental data, especially addressing the main variables
impacting DNA TPPR involving pets, should be generated and are highly needed to assist
in activity level evaluation.

Keywords: human DNA transfer; domestic animals; crime scene investigation

1. Introduction

In recent years, increasing attention has been directed toward the factors influencing
DNA transfer, persistence, prevalence, and recovery (TPPR) in forensic contexts [1,2]. A
persistent limitation lies in the availability of experimental data under conditions relevant
to criminal cases even if an increasing number of publications dealing with these issues
was observed [3].

As the prevalence of companion animals in domestic settings continues to increase,
their potential role in human DNA transfer warrants careful consideration, especially in
crime investigation where pets could be vectors of biological evidence.

The sustained and intimate contact between humans and their pets, as well as the in-
teraction of companion animals with intruders and criminal offenders [4] creates favorable
conditions for the deposition, accumulation, and persistence of human biological material
on animals and on items with which they interact. From a forensic genetics’ perspective,
these dynamics raise important considerations regarding DNA transfer mechanisms and
evidence interpretation in forensic casework [5].

Genes 2026, 17, 423 https://doi.org/10.3390/genes17040423
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Recent studies have demonstrated that both dogs and cats can harbor detectable quan-
tities of human DNA, predominantly originating from individuals within the household,
although contributions from non-household members are also frequently observed [6].
Companion animals may act not only as passive carriers of human DNA, but also as
intermediates facilitating its transfer between individuals, objects, and environments [7].

The aim of the present mini narrative review is to provide an updated overview of
human DNA transfer involving household pets as vectors, particularly examining the
experimental approaches employed in existing studies and evaluating the feasibility and
extent of primary, secondary or higher-order transfer. By conducting a methodological
synthesis of the published articles on the topic, and considering the multiple variables
involved in DNA TPPR, we also aim to identify potential research gaps which may need
further investigation, and to discuss the implications of the experimental results for activity
level propositions.

Finally, by synthesizing current evidence, the present work aims to enhance un-
derstanding of the forensic relevance of companion animals in criminal investigation
and to identify key considerations for the design of future experimental research in this
emerging field.

2. Materials and Methods

A narrative review was conducted until the end of February 2026 using multiple
electronic databases as search engines, particularly PubMed, Scopus, and Web of Science,
including articles exploring the topic of DNA transfer using household pets. Search terms
used were “forensic”, “DNA transfer” combined with “pet”, “dog”, “cat”, “domestic
animal”. No restriction related to the timing of publication was applied. Only articles
published in English were considered, while book chapters were not included.

References to the included articles were cross-checked for inclusion.
From the included articles, the following data were extracted: authors and year of

publication, type of article, whether original article or short communication/conference pro-
ceedings, experimental design, technical characteristics, including sampling methods, DNA
extraction, quantification and amplification, and main findings of the study. Experimental
design and main findings of the studies were briefly summarized by the authors.

The screening of the databases was conducted by multiple reviewers, and disagree-
ments were managed to uniform the terminology, deciding to adopt the authors’ one. No
gray literature was included because it was missing.

3. Results

The present mini review identified a limited number (n = 6) of articles specifically
addressing human DNA transfer involving pet and household animals, summarized
in Table 1.

Among these, three studies focus on dogs, two on cats, and one included both. The
emergence of the research topic of human DNA transfer involving domestic animals as
vectors appears recent, since all articles were published from 2022 onwards [5].

https://doi.org/10.3390/genes170404235
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Table 1. Summary of the studies reviewed, including authors, year of publication and type of article
(Ref.), experimental design, technical procedures and main findings.

Ref. Experimental Design Technical Procedures Main Findings

Monkman H. et al.
2022 [5]
Short communication

A total of 20 cats from 15 households

- Samples on cats: from the right side.
- Reference samples from every person

in household.

Questionnaires on cats’ behaviors, living
environment and recent human contacts.

Double swabbing
technique.
Extraction: DNA
IQ System (Promega,
Madison, WI, USA).
Quantification:
Quantifiler® Trio system
(Life Technologies,
Carlsbad, CA, USA).
DNA Amplification:
PowerPlex® 21 system
(Promega, Madison,
WI, USA).

- Samples on cats: 80% of samples
showed detectable human DNA
(average 0.22 ng). Interpretable profile
in 70% of samples.

- In 66.7% of interpretable profiles, one
person from the household was
detected. The last person to contact
the cat was detected as the major or
single source contributor.

- DNA from unknowns was observed
in 8/18 of interpretable profiles.

Monkman H. et al.
2023 [8]
Original article

A total of 20 dogs, 9 samples per dog:

- Indirect transfer: gloves after
scratching and patting the dog and
plastic floor after pet walking.

- Samples on dogs: chest, head, back,
left side under the fur and right-side
surface of the fur, stomach.

- Direct transfer: sample from dog
neck after scratching with bare hand.

Questionnaire to the primary carer of the
dog regarding living conditions, interactions,
and grooming.
Reference samples: dog’s owners and
residents of the household.

Wet–dry swabbing
technique using viscose
swabs.
Extraction: DNA
IQ System (Promega,
Madison, WI, USA).
Quantification:
Quantifiler® Trio.
DNA system (Life
Technologies, Carlsbad,
CA, USA).
DNA Amplification:
PowerPlex® 21 System
(Promega, Madison,
WI, USA).

- Indirect transfer: human detectable
DNA on 19/20 occasions of secondary
transfer to gloves (median 0.09 ng)
and 9/20 to simulated floor (median
0.0 ng).

- Samples on dogs: human detectable
DNA in 70.8% (median 0.06 ng). Best
recovery from the surface of the fur,
head and back than under the fur.

- Of 120 samples, in 61.7% the MNC
was assigned (49 samples with two
persons mixture, 7 samples, three
persons mixture and 18 single source).

- Of 120 profiles, 39.2% showed human
DNA from unknown sources.

- Direct transfer (from bare hands
patting the dogs): occurred in 50% of
cases.

Monkman H. et al.
2025 [9]
Original article

A total of 20 cats, 6 samples per cat:

- Background samples: the top of the
fur cat’s head, back and right side, left
side skin base of the fur.

- Secondary transfer: palm and fingers
of glove after scratching and patting
the cat.

- Direct transfer: cat’s chest and neck
after scratching with bare dominant
hand.

Questionnaire to the carer of the cat
regarding living conditions, habits,
interactions and grooming.

Wet–dry double
swabbing technique
using viscose swabs.
Extraction: DNA IQ
System (Promega,
Madison, WI, USA).
Quantification:
Quantifiler® Trio DNA
(Applied Biosystems,
Waltham, MA, USA).
DNA Amplification:
PowerPlex® 21 System
(Promega, Madison,
WI, USA).

- Background samples: detectable
DNA from 69% of samples. Highest
DNA yields from back fur (mean
0.36 ng), head fur (0.33 ng), right fur
(0.22 ng), and skin at the base of the
fur (0.06 ng).

- In total, 29% did not produce a profile;
54% generated a profile with more
than 4 alleles, of which 79% showed
the owner’s profile.

- DNA from an unknown source was
detected in 47% of samples with more
than 4 alleles.

- Secondary transfer (from the cat to
gloves) occurred in 80% of trials,
yielding quantifiable DNA in 16 of
20 glove samples (mean 0.18 ng).
DNA typing showed the owner
profile in 12/14 of samples with more
than 4 alleles.

- Direct transfer (following brief
patting with bare hands): 75% samples
showed quantifiable DNA with a mean
recovered amount of 0.11 ng. Donor
DNA was transferred to the cat in 25%
of the 20 samples collected.

https://doi.org/10.3390/genes170404236
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Table 1. Cont.

Ref. Experimental Design Technical Procedures Main Findings

Monkman H. et al.
2025 [10]
Original article

A total of 5 dogs, visitors drove to the dog’s
household, interacted for 5 min with the
dog, patting and playing, returned to the car
and drove home, where they were instructed
to make tea.

- DNA samples collected from the first
5 surfaces contacted in the car by
visitors prior to home return.

- DNA samples from the first 3 items
touched by visitors on arrival at home.

- DNA samples collected from the
kettle, mug and visitor’s hands at
home.

- DNA samples collected from two
areas where the dogs spent time
post-interaction.

- Samples on dogs: left side of the
body, right side of the body, top of the
head, top of the back.

Questionnaire to the carer of the dog
regarding the visitor’s living conditions,
number of housemates and frequency of
visitors.

Wet–dry double
swabbing technique
using viscose swabs.
Extraction: DNA
IQ System (Promega,
Madison, WI, USA).
Quantification:
Quantifiler® Trio DNA
(Applied Biosystems,
Waltham, MA, USA).
DNA Amplification:
PowerPlex® 21 System
(Promega, Madison,
WI, USA).

- From the first 5 surfaces contacted in
the car by visitors, the average DNA
quantity was 4.25 ng. A DNA profile
was generated from all surfaces. The
dog owner’s DNA was detected in
33% of samples.

- From the first 3 items touched by
visitors at home, the average DNA
recovered was 3.54 ng. 93% of
samples generated a DNA profile. The
dog owner was excluded from all of
these samples.

- From the kettle and mug, average
DNA recovered was 1.37 and 2.70 ng,
respectively. The dog owner profile
was detected in 30% of these samples.

- From the visitor’s hands, the average
DNA recovery was 5.4 ng from
dominant hand and 4.1 ng from a
non-dominant hand. The dog owner
profile was detected in 80% of these
samples.

- Samples on dogs: From the two areas
where the dogs spent time
post-interaction, average recovered
DNA was 2.3 ng not showing the
visitor’s profile. From the dog’s head,
back or sides, quantifiable DNA was
recovered in all samples (average 1.4 ng)
and in 50% of samples the visitor’s or
visitor’s related person was
transferred.

Oefelein R. et al. 2025
[6]
Short communication

A total of 10 domestic pets (5 canines and 5
felines)

- Background samples: back,
ears/head, nose/mouth.

- Secondary transfer: 3 samples on a
smooth plastic card rubbed on the
animal’s same areas.

LR calculation following propositions: (H1):
Primary Pet Owner + N-1 Unknowns/ (H2):
N Unknowns.

Single swabbing—cotton
swab for pets.
Double swabbing—wet
and dry cotton swab for
card samples.
Extraction: Maxwell™
FSC DNA
IQ™ Casework Kit with
Promega Casework
Extraction Kit (Promega,
Madison, WI, USA).
Quantification:
PowerQuant® System
(Promega, Madison, WI
USA). DNA
Amplification:
Powerplex Fusion 6C
system (Promega,
Madison, WI, USA).

- Background samples: canines
presented higher levels of background
DNA (average 0.98 ng) than cats
(average 0.11 ng).

- In total, 53% of background feline
samples and 80% of background
canine samples were suitable for
amplification.

- In total, 31% of background samples
were suitable for comparison
supporting H 1 in 16/19 samples and
H2 in 3/19.

- Secondary transfer: human DNA
was detected with an average DNA of
0.01 ng.

- In total, 13% of secondary transfer
feline samples and none of canine
were suitable for amplification.

- No sample produced DNA profiles
suitable for comparison.

https://doi.org/10.3390/genes170404237
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Table 1. Cont.

Ref. Experimental Design Technical Procedures Main Findings

Monkman H. et al.
2026 [7]
Original article

A total of 5 dogs, 5 cars, 1 holder, different
shirt worn per experiment. Simulated
dog-theft involving brief lifting and
transporting by a handler, placing in an
unfamiliar car (20 min), and return home by
lifting and holding

- Background samples from cars not
associated with the dogs.

- Samples on dogs: 1 h after simulated
theft, 4 samples per dog (head, neck,
sides).

- Samples from car 4 h after the
simulated theft.

- Samples of the holder’s t-shirt: left,
right arms, abdomen, chest worn by
the holder the day after (n = 20).

- DNA reference samples from the dog
owners, car owners, car users and the
holder.

Questionnaires to owners on number of
owners, preferred locations of the dog in
house, regular activities.
Bayesian network built.

Wet–dry double
swabbing technique
using viscose swabs and
sterile water.
Extraction: DNA
IQ System (Promega,
Madison, WI, USA).
Quantification:
Quantifiler® Trio DNA
(Applied Biosystems,
USA) Quantifiler Kit on a
3500xL Genetic Analyser,
GeneMapper™ ID-X
Software
v1.6Amplification:
PowerPlex® 21 System
(Promega, Madison,
WI, USA).

- Background samples from the car: in
9 samples DNA in quantity range
0.12–3.420 ng.

- Samples on dogs: average DNA
0.79 ng, the least (av 0.36) from the left
side. DNA profile from the owner (s)
85% of samples. DNA from the holder
in 40%. Unknown DNA in 70% of the
samples.

- Samples from car 4 h after the
simulated theft: DNA recovery on
18/19 samples of car (average
quantity 1.81 ng). DNA of car owners
in 47% of samples. DNA of dog
owners in 35% of samples. DNA of
the holder in 35% of samples and in
13% excluding the car belonging to
the holder.

- Samples of the holder’s t-shirt: DNA
present in all the 20 samples (average
1.51 ng). DNA of car owners in 5% of
samples (1 of 20) as minor contributor.
DNA of dog owners in 10% of
samples as minor contributor. The
holder was detected in 85% of
samples as sole or major contributor.
At least one unknown contributor was
detected in 75% of the samples as
single source or minor contributor.

Bayesian Network analysis demonstrated
that dog-derived DNA can be useful for
activity level propositions.

4. Discussion

The recent concentration of publications on human DNA transfer involving domestic
animals suggests an increasing awareness of the potential forensic relevance of primary
and secondary DNA transfer involving domestic animals, particularly in indoor environ-
ments. On the other hand, the limited number of studies and their recent publication
dates highlight the preliminary nature of this research field and underline the need for
further investigation to better characterize the human DNA transfer via household pets, as
recommended by the authors in the forensic context.

4.1. Experimental Design

The experimental designs described in the reviewed studies involved a sample size
between 5 and 20 animals and were based on a common framework of either background
(naturalistic) conditions or controlled or semi-controlled models simulating typical human–
domestic animal interactions. In the latter, dogs and cats were involved in contact scenarios
with owners, household members, external individuals, and selected surfaces or objects to
assess human DNA transfer.

Sampling was primarily focused on fur-covered areas, with samples collected immedi-
ately after contact or at short post-contact intervals. The presence and origin of background
human DNA on domestic cats was first assessed in a preliminary study published in 2022,
involving naturalistic conditions of 15 households [5]. In this study, sampling was limited
to the cat’s right side, with no further specification. In the following study of Monkman H
et al., 2023, both the surface of the fur and the skin beneath it were sampled, demonstrating
higher human DNA quantities from the former [8]. This may be explained by the fact that
the fur of animals is more exposed to the environment and is therefore more likely to come
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into contact with humans and their surrounding surfaces, compared to the inner surface,
which is protected by fur [9]. The top of the fur is thus recommended for sampling to
recover human DNA.

Multiple sites of sampling were analyzed in four studies, two involving dogs, one
cat and one both, with head and back providing the best human DNA recovery both for
dogs [8] and cats [9]. These areas are thus suggested for recovery of human touch DNA on
companion animals. Interestingly, although domestic animals also use to ingest and lick
the fur on the stomach area, significantly less DNA was recovered on dogs from this area
compared to other sampling areas on fur [8], so that the sampling from stomach area is not
suggested for future studies on dogs.

The characteristics of the fur, e.g., length and porosity, the shedding abilities of the
owners and animals as well as differences between indoor and outdoor pets, to the best of
the authors knowledge, have not been extensively investigated in experimental studies yet.
Fur length, classified as short, medium, or long, was mentioned in the 2022 study involving
cats, but no significant difference in the amount of human DNA was found depending on
this characteristic [5]. Similarly, the dog breeds and the fur length were specified for dogs
in the most recent study, but these variables were not used for correlation analysis [7].

Factors that certainly influence the amount of DNA recovered, and should thus be
considered in an experimental design, include washing time frames and human proximity
and interactions [8], with particular reference to the nature of a pat, where limited force is
applied as opposed to the force typically applied when a person uses an item [11].

Brief contacts with holders or patters or scratchers were mostly simulated in the
experiments, while persistence of human DNA has not been thoroughly investigated yet [7].

Moreover, scenarios with variable connections between pet owner and offender, dif-
ferent environmental and dog transportation conditions are suggested, especially in rela-
tionship to animal kidnapping cases [7].

4.2. Technical Issues

Five out of six articles included in our review (83%) involved a double wet–dry
swabbing method, although no experimental comparison of DNA recovery efficiency
between different swab types has been conducted on domestic animals. The double-swab
technique has been indicated as preferable for DNA recovery from complex surfaces [12],
especially in the case of touch DNA [13].

For background samples collection, among our series, Oefelein R. et al. was the
only study using cotton swabs for human DNA collection from pets back, ears/head and
nose/mouth [6], and showed lower DNA recovery from cats (average 0.11 ng) compared
to other studies (median 0.22 ng [5], 0.36–0.33 ng on back and head [9]). On the other
hand, human DNA recovered from dogs (average 0.98 ng [6]) was higher than the median
reported by Monkman et al. (median 0.06, from 0 to 1.26 ng [8]), making it complex to
clearly establish a preferred sampling strategy, as expected for the influence of the variables
in the experimental design.

A recent study on wildlife specimens compared the effectiveness of human DNA
touch recovery methods, particularly cotton swabs (used as wet swabs followed by a
second dry swab), flocked swabs and foam swabs (both used as a single swab, with one
wetted side followed by the dry side), as well as minitapes, showing that foam swabs
significantly yielded higher DNA recovery for antelope fur [14]. In the absence of pet-
specific validation studies, one might also consider extrapolating the best recovery method
from research on human hair. To the best of the authors’ knowledge, there is no consensus
on the optimal approach for recovering exogenous human DNA from human hair [15]. A
study showed that the moistened swab, compared to other cleaning methods, was the most

https://doi.org/10.3390/genes170404239



Genes 2026, 17, 423

effective way to obtain both the hair and exogenous DNA from a human hair stained with
biological material [16]. Nevertheless, findings from studies on pet fur may provide useful
methodological insights for humans, rather than the reverse [15].

4.3. Background Human DNA and Profiles

The first study on background DNA on companion animals involved cats. The
presence of human DNA was assessed on the right side of the pet in 80% of samples, with
an average amount of 0.22 ng (range from 0 to 1.32 ng) [5].

A slightly lower percentage of samples with detectable quantities of human DNA
(70.8%) was reported in the study of Monkman H. et al. on dogs [8]. Average amounts
were lower, with a median of 0.06 ng, although this might be due to the multiple different
sites sampled on dogs, including the stomach. Indeed, also when sampling multiple areas
of cats, 69% of background samples provided detectable human DNA [9], highlighting
the influence of anatomical sites on DNA deposition and recovery. When comparing
background DNA on cats and dogs, Oefelein R. et al. found higher amounts on dogs
(0.98 ng vs. 0.11 ng) and higher percentage of samples suitable for amplification (80% vs.
53%), and this was attributed to the available surfaces for sampling or different behavior
of pets [6].

Nevertheless, washing the fur of the animal, as well as the characteristics of the
shampoo and fur, could impact the presence and persistence of human DNA on household
pets, similarly to hand cleaning that impacts the recovery of touch DNA from humans [17].
However, in the study by Monkman H. et al., the washing time frames, considered to
interpret the results of DNA amount on dogs, did not impact the DNA recovery [8].

Variability in recovered DNA among different pets might additionally be related to
different interactions between the owner and the pet, which also vary by the size of dogs,
with smaller dogs having usually more intense contacts [8].

Other factors apparently did not impact the amount of human DNA recovered from
pets, including the number of house occupants and amount of time spent with the pet,
although the limited small dataset of the studies does not allow us to draw firm conclu-
sions [8]. In most of the studies, persons from the household were detected in the majority
of interpretable profiles, both on dogs [8] and cats, ranging in the latter from 66.7% to
79% [5,9], and up to 16 of 19 samples (84.2%) considering both pets [6].

In the first study by Monkman H. et al., although there was no significant difference
between the amount of DNA present on the cat and the time since the cat was last contacted,
the last person to touch the cat was mostly detected as the major or single source contribu-
tor [5]. Nevertheless, as suggested by the presence of a different number of contributors in
two cats living in the same household, direct contact might not be the most impacting factor
on human DNA presence. Other factors including the shedder status and the behavior of
the cat, could be relevant for human DNA presence [5]. Again, in another study involving
cats, the last person to have contact with the cat was detected in 61% of the samples [9].

Contrarily, considering dogs, the last person to contact the pet, as emerged from a
questionnaire compiled by the carer of the dog, was only detected in 35% of samples, and
higher DNA recovery was yielded from areas that were not the most recently contacted [8].

The observed dissimilarities between cats and dogs may be explained by differences
between the typical cat–human and dog–human interaction: cats generally show limited
active physical interaction with their owners, usually choose specific locations to rest and a
preferred person to spend time with. In most cases, this preferred owner was also the last
person to have contact with the animal prior to sampling, which could explain the greater
accumulation of that individual’s DNA. Contrarily, dogs are closer and interact more with
all their owners [9,18].

https://doi.org/10.3390/genes1704042310



Genes 2026, 17, 423

It is interesting to note that, despite reference profiles being obtained from the owner
as well as from the other residents of the household in all studies, DNA from unknown
sources was commonly observed in 47% of samples with five or more alleles in one study
on cats [9], in 44.4% of interpretable profiles on cats in another study [5], and in 39.2%
of interpretable profiles on dogs [8]. This was additionally confirmed in the simulated
dog-theft experiment, where 70% of samples provided unknown DNA, with a total of
17 unknown donors detected across 14 samples out of 20, as already well-known from
touch DNA and DNA transfer studies [7]. The high prevalence of unknown profiles could
arise from the close interaction with the environment and with potentially contaminated
surfaces usually contacted by pets, such as the floor [8]. Future research should investigate
the role of realistic environmental factors, to minimize the gap between experimental and
real-world scenarios relevant for forensic purposes.

4.4. Primary Transfer to Animals

The studies included in the present mini review demonstrated that human DNA
transfer could occur to dogs [7,8] and cats [9], even after a single contact, especially if it
consists of scratching/patting the animal. An example of primary transfer or direct transfer
is shown in Figure 1.

Figure 1. (a) An example of direct deposition or primary transfer. (b) An example of indirect
deposition or secondary transfer. (c) An example of indirect deposition with multi-step transfer.

After a single scratch on the necks of dogs, median amounts of human DNA trans-
ferred were 0.09 ng, with a maximum of 0.4 ng, and 70.8% of samples showing human
detectable DNA. In this case, 50% profiles matched the individual patting the dog [8].

A short one-time patting on cats, chosen to simulate a possible contact between an
offender and the animal in a potential crime scene, did not always result in the detection
of the patter’s DNA. Although quantifiable DNA was recovered from 75% of cats after
contact with bare hands, the transfer from the patter to the cat was only detected in 25% of
samples [9].

Higher percentages of transfer rate were observed in another recent experimental
study, where holders were asked to pick up dogs and put them in a car, simulating a
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“dog—napping” scenario: the profile of the holder was identified in 40% of samples on
dog [7]. The transfer of holders’ DNA occurred with contact of approximately 2 min,
suggesting that the duration of the contact, as expected, influences the human TPPR [7].
Another possible influencing factor was hypothesized as the area of contact, since larger
dogs had to be “secured” by the holder for transportation, and these dogs corresponded to
the ones carried for longer times [7].

In another study, Monkman H. et al. [10] investigated the persistence and transfer of
human DNA following brief human–dog interactions. After a five-minute pat-and-play
interaction, DNA from the visitors or their housemate was recovered from the dog’s head,
back, or sides in 50% of samples (10/20) one hour after contact. Visitor-associated DNA
was never the major contributor, appearing only as a minor component in 35% of samples
(7/20). Notably, DNA from a visitor’s housemate, who had no direct contact with the dog,
was detected in 15% of samples (3/20), all of which originated from the same animal [10].

4.5. Secondary Transfer from Animals to Other Surfaces

A figure with an example of indirect or secondary transfer is shown in Figure 1. De-
tectable human DNA was transferred via dogs, used as vectors, to gloved hands scratching
the animal on 95% of cases in the study of Monkman H. et al. DNA recovery on gloves
ranged from 0.0 to 2.0 ng, with a median of 0.09 ng. Generated profiles mostly reflected the
mixture of individuals found on the dogs’ fur [8].

In a study on cats, detectable and quantifiable DNA was found in 80% of samples
collected from the gloves after contacting, with a recovery ranging between 0.0 and 0.72 ng.
Even if not statistically significant, it emerged that cats with a higher level of background
DNA were able to transfer higher amounts of DNA to the gloves. In most cases, the DNA
belonged to the cat’s owner, consistent with cats’ tendency to prefer a specific owner and
spend more time with them [9].

On the contrary, a maximum DNA amount of 0.4 ng was obtained from plastic sheets
simulating the floor upon which dogs walked. This lower DNA amount might reflect DNA
loss while walking, the small areas of paws contacting the floor, the background DNA on
the plastic sheets simulating the floor or an area-related lower DNA persistence compared
to other dogs’ surfaces, e.g., in the hypothesis of greater washing and licking of the paws
by the dog, or extraction inhibition due to the dirt [8].

The secondary transfer on another plastic surface as plastic card, rubbed against the
back, ears/head and nose/mouth of cats and dogs in the study by Oefelein R. et al. [6],
showed very low DNA amounts (average 0.01 ng) and no profiles suitable for comparisons.
The authors hypothesized that this result was due to use of a smooth surface, while other
rough surfaces might be investigated.

In the “dog—napping” simulation, DNA of both the dog owners (35% detection rate)
and of the dog holders (13% detection rate) was recovered from the surfaces of the car
in which the dog was placed after the dog occupation, most likely indicating indirect
transfer via the dogs [7]. The transfer of dog owners’ DNA was considered rather high
compared to previous studies exploring indirect human DNA transfer under uncontrolled
conditions [19,20]. The higher DNA transfer could be related to the higher shedder status of
the participants even if not assessed in the study or to differences in activities involved, as
reported by authors [7]. It is well known that the shedder status is one of the most important
variables impacting the quantity of DNA deposited, with several papers demonstrating
differences between good and bad shedder. The profile of good shedder has been found
even on objects they never handled [2].

In the same experiment, indirect transfer from the dog owner to the shirt of the dog
holders also occurred, with dogs acting as vectors, with a detection in 10% of the samples.
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Interestingly, one of the dog owners’ DNA was detected on dog, on the car where the dog
was placed after pick up, and on the shirt of the dog holder, suggesting multi-step DNA
transfer, considering that the study was performed under controlled conditions: the owner
had not previously contacted the car or the holder on the t-shirt [7].

The study of Monkman H. et al. [10] investigating the impact of a five-minute pat-
and-play interaction between humans and dogs demonstrated that dog owner DNA was
transferred from the animal to the visitor, and subsequently to the visitor’s secondary
touched surfaces in 33% of samples from the car and in 30% from kettle and mug touched
by visitors at home. However, analysis of car surfaces contacted immediately after the visit
revealed visitor’s DNA profile on all five car items as the major or predominant contributor
and on the kettle and mug in 60% of the samples.

Data generated with similar experimental designs involving transfer events, as in the
simulated “dog—napping” of Monkman H. et al. [7], were tested in only one study with a
Bayesian network, but appeared to be informative for the DNA activity level evaluation.

Actually, nowadays the activity level evaluation represents a significant challenge for
forensic genetics, which has shifted attention from the answer to the ‘Who?’ question to
the ‘How?’ one. The application of Bayesian networks to inference problems involving
the results of DNA analyses provides the likelihood of DNA findings given competing
propositions of interest with respect to the activities aware of variables impacting DNA
TPPR [2]. Improving the knowledge on TPPR through investigation and experimental
data presentation may assist evaluation of evidence under propositions considering DNA
transfer mechanism.

5. Conclusions and Future Perspectives

This review summarizes current evidence supporting the forensic relevance of domes-
tic pets in primary and secondary human DNA transfer. Despite most studies involving
a limited number of replicates, they provided data from various experimental designs
simulating forensic scenarios and foundational methodologies for larger cohort studies.

The studies showed that household animals create multiple opportunities for direct
but also multi-step indirect transfer of human biological material, with the need to dif-
ferentiate between criminal activity-related transfer and innocent contacts. Overall, the
complex dynamic of DNA transfer shows potential implications for the interpretation of
forensic evidence in crime scenes. Actually, evaluation of a DNA profile from human
biological traces requires us to determine the diagnostic value of findings given activity
level propositions [21] that should consider the mechanisms of DNA TPPR able to impact
the findings.

Recently, the novel term of contextual sampling was introduced to indicate the targeted
collection of additional samples from the surroundings of crime-related items to assign
probabilities on prevalence and background based on case-relevant data [21]. The sampling
on pets may be included in certain scenarios within the contextual sampling and may
contribute to some nodes of a Bayesian network, together with the experimental data
informing additional nodes.

Notably, only one study within the reviewed literature implemented a Bayesian
network approach to model transfer dynamics at the activity level, illustrating the potential
of a probabilistic framework to account for competing propositions. Building on this
approach, to deal with uncertainty during probability assignment, more experimental data
should be generated and are highly needed to assist in activity level evaluation. Actually,
variables can be combined in a Bayesian network to evaluate evidence with regard to
the relevant activities at stake [22]. Further studies should follow The ReAct (Recovery,
Activity) project, an ENFSI (European Network of Forensic Science Institutes) initiative with
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the primary purpose to design experiments simulating typical casework circumstances;
collect data and to implement Bayesian networks to assess the value (i.e., likelihood ratio)
of DNA results given activity level propositions [23]. As highlighted by the present mini
review, future research should explore the main variables impacting DNA TPPR when pets
are involved, as, among others, the transfer of primary touch DNA after different time
periods, the awareness of general levels of background DNA [2] and also consider factors
such as sampling method, prevalence and persistence of DNA, the influence of behavior of
pets, environmental contamination, shedding status of the participants, and human–animal
interactions in pet-involved crimes.
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Abstract

Background: Forensic DNA phenotyping (FDP) enables the inference of externally visible
characteristics (EVCs) and biogeographic ancestry when conventional STR profiling is
inconclusive. The ForenSeq™ Imagen kit (107 SNPs) integrates phenotype-, ancestry-, and
Y-SNPs markers; however, its performance under partial genotyping conditions has not
been systematically evaluated. Methods: Ninety-four samples from a Mexican mestizo
population were analyzed using the ForenSeq™ Imagen kit on the MiSeq FGx™ platform.
Due to incomplete genotype recovery, 41 samples with >60% locus detection were selected
for downstream analyses. Phenotype prediction was performed using the HIrisPlex-S
model, and ancestry inference was assessed through principal component analysis. In silico
simulations were conducted to evaluate locus-specific dropout effects. Results: Eye color
prediction showed both reduced feasibility (68.3%) and lower overall accuracy (56.1%),
primarily driven by systematic prediction failure when rs12913832 (HERC2) was absent, al-
though accuracy among successfully predicted samples remained high (82.1%). In contrast,
hair and skin color inference remained feasible in >97% and 100% of evaluable samples,
respectively; however, classification accuracy was moderate (70% for hair and 61% for
skin), improving substantially when allowing adjacent-category concordance (90.2% for
skin). Ancestry inference was robust when at least 27 aiSNPs were detected, and Y-SNPs
reliably distinguished male and female samples. In silico analyses confirmed the critical
contribution of rs12913832 to eye color model operability. Conclusions: FDP performance
under partial genotyping reflects a trade-off between prediction feasibility and accuracy
and depends on locus-specific integrity rather than overall genotype completeness. The
ForenSeq™ Imagen kit shows robustness for ancestry, sex, hair, and skin prediction, al-
though with variable accuracy, whereas eye color inference remains structurally vulnerable
to drop out of high-impact variants. Evaluating FDP systems under realistic non-ideal
conditions is essential to define their true operational limits and ensure scientifically robust
and responsible implementation.
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1. Introduction

Since their introduction into forensic genetics, short tandem repeats (STRs) have
become the markers of choice for human identification. Their high polymorphism and
strong discriminatory power have enabled reliable individualization across a broad range
of forensic contexts. Nevertheless, despite their extensive utility, STR-based approaches
present important limitations. These include reduced performance in cases involving
degraded or low-quality template DNA, susceptibility to stochastic effects such as allele
drop-out, and limited applicability in scenarios where no reference samples are available
for comparison, as is frequently the case in unidentified human remains or investigative
casework [1].

In such contexts, single nucleotide polymorphisms (SNPs) have emerged as valuable
complementary markers. Due to their biallelic nature and short amplicon size, SNPs are
particularly suitable for degraded DNA samples. Moreover, depending on their genomic
location and functional relevance, certain SNPs enable the inference of biogeographic
ancestry (ancestry-informative SNPs, aiSNPs) as well as externally visible characteristics
(phenotype-informative SNPs, piSNPs), including eye, hair, and skin color, among other
externally visible characteristics (EVCs) [2].

The inference of EVCs from DNA, commonly referred to as Forensic DNA Phenotyp-
ing (FDP), has gained increasing relevance in forensic investigations where conventional
identification methods are insufficient. FDP is particularly useful when physical descriptors
of the DNA donor are unavailable, such as in cases involving highly decomposed remains
or when STR profiles obtained from crime scene samples fail to generate database matches.
In these situations, FDP can provide investigative leads by narrowing the pool of potential
contributors and guiding casework prioritization [1].

Several SNP-based systems have been developed specifically for FDP. Early examples
include IrisPlex for eye color prediction [3], followed by HIrisPlex, which expanded pheno-
type inference to include hair color [4], and HIrisPlex-S, which further incorporates skin
color prediction [5]. As the number of markers required for comprehensive phenotype
inference increased, massively parallel sequencing (MPS) technologies were introduced to
forensic genetics, enabling the simultaneous analysis of large SNP panels across multiple
samples within a single assay [6]. Currently, the most widely used MPS platforms in
forensic research are Ion Torrent (Thermo Fisher Scientific, Waltham, MA, USA) and the
MiSeq (Illumina, San Diego, CA, USA) platforms [2].

Several commercial MPS-based kits for FDP have been validated and implemented
in forensic research and practice. Among these, the ForenSeq™ DNA Signature Prep Kit
with DNA Primer Set B (DPSB) enables the inference of eye and hair color phenotypes
and has been extensively evaluated across diverse populations, with studies consistently
reporting high prediction accuracy for blue and brown eye color, as well as blond and red
hair color [7–10].

More recently, the ForenSeq™ Imagen kit (Illumina, San Diego, CA, USA) was de-
veloped as an integrated genomic system comprising 107 SNPs distributed across three
marker panels: (i) 41 piSNPs for eye, hair, and skin color inference; (ii) 56 aiSNPs for
biogeographic ancestry estimation; and (iii) 14 Y-SNPs for sex determination. Despite its
potential forensic utility, there are currently no comprehensive validation studies assessing
the kit’s performance for its intended forensic applications. The only published study
involving this system explored its use for predicting EVCs beyond the scope for which
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the kit was designed [11] and has been subject to substantial methodological criticism
regarding study design and result interpretation [12,13].

The evaluation and implementation of FDP technologies such as the ForenSeq™ Im-
agen kit are particularly relevant in countries like Mexico, where forensic identification
faces significant challenges. According to official records, as of September 2023, a total
of 294,297 cases have been documented, including 111,516 (37.9%) missing persons and
182,781 (62.1%) located individuals since 1962 [14]. A considerable proportion of unidenti-
fied individuals remain unresolved due to degraded biological material or the absence of
first-degree relatives for comparative genetic analysis, thereby limiting the effectiveness of
conventional STR-based identification approaches [15].

In this context, the ForenSeq™ Imagen kit represents a promising MPS-based tool
that integrates multiple informative SNP panels within a single assay. The present study
aims to evaluate the applicability and operational performance of this system in a Mexican
population, with particular emphasis on its accuracy for forensic DNA phenotyping under
conditions of partial genotype recovery. By assessing its performance in realistic forensic
laboratory conditions, this work seeks to contribute to the implementation of FDP tech-
nologies as complementary tools for human identification and to help reduce the current
backlog of unidentified human remains.

2. Materials and Methods

2.1. Population Sample

A total of 94 genomic DNA samples were obtained from unrelated adult volunteers
residing in Jalisco, Mexico. Participants ranged in age from 18 to 38 years and included
72 males and 22 females. Written informed consent was obtained from all individuals prior
the enrollment. The study was conducted in accordance with established ethical standards
for research involving human subjects and was approved by the Research Ethics Committee
(Comité de Ética en Investigación (CEI) from the Centro Universitario de Ciencias de la
Salud of the Universidad de Guadalajara; approved code CI-06824).

2.2. Reference Phenotype Assignment

High-resolution digital photographs were obtained using a Canon EOS Rebel T6
camera (Canon Inc., Tokyo, Japan). Images included close-up photographs of the iris, the
posterior scalp for hair color assessment, and the forearm for skin pigmentation evaluation.
All images were compiled into a standardized Microsoft Excel for Microsoft 365 (Microsoft
Corporation, Redmond, WA, USA) database.

Three independent analysts evaluated each volunteer’s phenotype based on the pho-
tographic documentation. Phenotypic categories were assigned according to classification
schemes compatible with the HIrisPlex-S prediction system. Phenotypes were categorized
as follows: (A) Eye color: blue, intermediate (green, hazel, and yellowish tones), and
brown. (B) Hair color: blond, red, brown, and black, with light or dark shades. (C) Skin
color: Fitzpatrick phototypes I (very pale), II (pale), III (intermediate), IV (dark), and
V (very dark/black). Consensus was achieved in all cases across the three evaluators.
These assigned phenotypes were used as reference data for subsequent assessments of
prediction accuracy.

2.3. DNA Extraction and Quantification

Genomic DNA was extracted from peripheral blood using a CTAB/DTAB method
based on the protocol described by Miller [16]. This protocol employs the cationic de-
tergents cetyltrimethylammonium bromide (CTAB) and dodecyltrimethylammonium
bromide (DTAB) to lyse cells, remove proteins and other contaminants, and selectively
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precipitate high-molecular-weight DNA. The resulting DNA was stored at −20 ◦C un-
til further analysis. Extracted DNA was quantified by fluorometric analysis using the
Qubit™ 4 Fluorometer (Thermo Fisher Scientific, Waltham, MA, USA), following the
manufacturer’s instructions.

2.4. Library Preparation and Massively Parallel Sequencing

Genomic libraries were prepared using the ForenSeq™ Imagen kit (Verogen Inc.,
San Diego, CA, USA) according to the manufacturer’s protocol. Library preparation began
with an input of 125 pg of genomic DNA. Target regions were amplified and tagged during
an initial PCR step, followed by a second enrichment PCR incorporating Unique Dual
Index (UDI) sequences and sequencing adapters.

Following amplification, libraries were purified enzymatically using magnetic bead-
based cleanup procedures to remove residual primers and reaction components. Libraries
were subsequently normalized to achieve equimolar concentrations before pooling. Equal
volumes of each normalized library were combined to generate a pooled library mixture.

The initial 94 libraries were pooled, diluted in hybridization buffer, and heat-denatured
before being loaded onto the MiSeq FGx micro flow cell for a single run (Verogen
Inc., San Diego, CA, USA). Sequencing was performed according to the MiSeq FGx™
System Reference Guide (Verogen Inc., San Diego, CA, USA). The sequencing run in-
cluded both positive and negative controls to monitor amplification performance and
potential contamination.

2.5. Evaluation of Sequencing Run Quality

Sequencing run quality was assessed using post-sequencing performance and quality
metrics generated by the MiSeq FGx™ platform. The following parameters were evaluated
to determine overall sequencing efficiency and data reliability. First, cluster density was
examined and expressed as the number of clusters per square millimeter (K/mm2). For the
Forensic Imagen kit, the recommended optimal range is between 400 and 1650 K/mm2,
which reflects appropriate library loading and cluster generation efficiency. Second, clusters
passing filters (PFs) were evaluated as the percentage of total clusters that met Illumina’s
quality filtering criteria. This metric reflects the proportion of clusters with sufficient signal
intensity and base-calling reliability. A PF value of ≥80% was considered indicative of
acceptable sequencing performance.

Third, phasing and prephasing rates were assessed as indicators of synchronization
efficiency during the sequencing-by-synthesis process. Phasing represents the percentage
of DNA molecules within a cluster that lags the current sequencing cycle due to incomplete
nucleotide incorporation, whereas prephasing corresponds to the proportion of strands
that advance of the cycle because of premature incorporation events. In accordance with
the manufacturer’s recommendations, acceptable thresholds were defined as ≤0.25% for
phasing and ≤0.15% for prephasing.

In addition, overall read quality was evaluated using Illumina’s per-cycle quality score
visualization, which summarizes average base-call quality across sequencing cycles using a
color-coded system. In this system, green indicates that the mean quality scores fall within
the expected performance range, whereas orange denotes deviations from optimal sequenc-
ing quality. These metrics were used to evaluate the technical quality of each sequencing
run to ensure data reliability before genotyping and phenotype inference analyses.

2.6. Definition of Partial Genotypes and Profile Inclusion Criteria

A partial genotype was defined as a genetic profile in which one or more marker
sets failed to produce complete SNP data but retained sufficient genetic information to
support phenotype or ancestry inference. Profiles were considered suitable for downstream
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analyses when genotype data allowed for successful processing within the HIrisPlex-S
prediction framework or ancestry assessment via principal component analysis (PCA).
Samples lacking sufficient genotype information to generate any phenotype or ancestry
inference were excluded from performance evaluations but retained for overall sequencing
outcome reporting.

2.7. Genotype Processing and Data Management

Genotype data generated by the MiSeq FGx™ instrument were processed using Vero-
gen’s Universal Analysis Software (UAS) version 1.3 (Verogen Inc., San Diego, CA, USA).
Genotyping results, sequencing metrics, and locus-level information were exported in Mi-
crosoft Excel format for subsequent analyses. Missing SNP calls were retained as missing
data and were not imputed or manually corrected. Downstream predictive analyses were
performed using the genotype information available for each sample, without additional
filtering or data inference.

2.8. Forensic DNA Phenotyping Analysis

Phenotype prediction was performed using the HIrisPlex-S web-based tool developed
by Erasmus Medical Center (https://hirisplex.erasmusmc.nl/, accessed on 12 February
2025). This system predicts eye, hair, and skin color using validated SNP panels and a
prediction model trained on diverse continental populations [3–5]. The R script provided
by the EMC platform was used to convert piSNP output files generated by UAS into the
required input format for phenotype prediction. Predictions were generated for all samples
that met the profile inclusion criteria.

Predicted phenotypes were compared with reference phenotypes assigned from pho-
tographic analysis. Prediction performance was assessed by calculating the percentage of
correctly classified samples for each phenotypic trait. Additionally, the number of SNPs
contributing to successful phenotype prediction and the number of genotypes producing
interpretable predictions were recorded to evaluate system performance under conditions
of partial genotype recovery and incomplete marker representation.

To evaluate the relative contribution of individual eye color SNPs to prediction feasi-
bility, an in silico dropout analysis was performed using the HIrisPlex-S online platform
(Erasmus Medical Center). Complete genotype profiles were systematically modified by
artificially removing one SNP at a time from the IrisPlex eye color panel while retaining all
remaining loci. Six independent simulations were conducted, each corresponding to the
exclusion of a different eye color SNP. The modified datasets were reanalyzed to determine
whether phenotype prediction remained viable in the absence of each specific marker. This
approach allowed for the assessment of locus-specific sensitivity within the predictive
model under controlled virtual dropout conditions.

2.9. Biogeographic Ancestry Analysis

Biogeographic ancestry inference was evaluated by visual inspection of sample clus-
tering patterns in the principal component analysis (PCA) generated by the Universal
Analysis Software (UAS) v2.x software (Verogen, San Diego, CA, USA). Samples were
assessed based on their relative positions within PCA space and their proximity to reference
population clusters included in the analysis. No formal ancestry assignment thresholds
were applied.

2.10. Statistical Approach

All analyses were descriptive and were designed to evaluate operational system
performance, profile recovery, and interpretability of phenotype and ancestry predictions
under partial genotyping conditions. No inferential statistical testing was performed, as
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the primary objective was to assess methodological performance in realistic laboratory
forensic scenarios.

3. Results

3.1. Sequencing Run Quality

Bioinformatic analysis was performed using UAS v2 with the ForenSeq™ Imagen Geo
assay. The sequencing run comprised four reads (Read 1, Index 1, Index 2, and Read 2),
totaling 318 cycles. All evaluated run metrics were within the manufacturer’s recommended
thresholds, indicating appropriate sequence performance and data reliability.

The cluster density was 478 K/mm2, falling within the optimal recommended range
(400–1650 K/mm2). A total of 98.09% of clusters passed Illumina’s quality filter (PF),
exceeding the minimum acceptable threshold of 80% and demonstrating high signal quality
and base-calling reliability.

Phasing and prephasing values were 0.205% and 0%, respectively, both within the
acceptable limits (≤0.25% for phasing and ≤0.15% for prephasing), indicating adequate
synchronization during the sequencing-by-synthesis process without compromising read
accuracy. Per-cycle quality score plots showed mean base-call quality values within the
expected (green) performance range across all sequencing cycles. No discordant geno-
types were observed across loci, indicating stable assay performance under the evaluated
sequencing conditions.

According to the reference manual, the assay can generate up to 50,000 reads per
sample. In this run, the number of reads varied substantially across samples, ranging from
148 to 90,000. Given this variability, the performance of the HSC control was considered
critical for determining the inclusion of samples with low read counts in subsequent
analyses under partial genotyping conditions.

3.2. Genotype Recovery and Profile Completeness

A total of 94 samples were processed using the ForenSeq™ Imagen kit, targeting
41 phenotype-informative SNPs (piSNPs), 56 ancestry-informative SNPs (aiSNPs), and
14 Y-SNPs, for a total of 107 markers. Of these, 53 samples (56.4%) were genotyped for
only 5–57 markers and produced between 148–29,000 total reads; consequently, they were
excluded from the analyses presented in this study. In contrast, 41 samples (43.6%) achieved
a genotyping rate greater than 60% of the total panel and were considered suitable for
downstream phenotype and ancestry inference analyses (Tables S1 and 1). Although these
samples yielded partial genetic profiles, they retained sufficient marker representation to
support phenotype and ancestry inference.

Within the piSNP panel (41 markers), locus recovery varied across trait categories. For
the eye color subpanel (6 SNPs), between 3 and 6 loci were successfully genotyped per
sample. The rs12913832 (HERC2) SNP was successfully genotyped in 28 out of 41 samples
(68.3%), while dropout was observed in 13 samples (31.7%). In 13 samples, eye color
prediction was not possible. In all of these cases, amplification failure of rs12913832
was observed. Samples 124, 153, and 154 amplified only 4, 4, and 3 eye-related SNPs,
respectively. In the remaining 10 samples where prediction was not possible (08, 19,
23, 25, 31, 47, 96, 122, 163, and 303), five SNPs were successfully genotyped; however,
rs12913832 was consistently absent. Notably, other samples (e.g., 74 and 88) also showed
five successfully genotyped SNPs but retained rs12913832, allowing phenotype prediction.
This pattern highlights the critical role and predictive dependency of rs12913832 within the
HIrisPlex-S eye color prediction model.

For the hair color panel (22 SNPs), between 12 and 22 loci were successfully genotyped
across samples. Phenotype inference was achieved in 40 out of 41 samples (97.6%). Only
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sample 147, which presented 11 genotyped SNPs, did not yield a hair color prediction.
Regarding the skin color panel (36 SNPs), a minimum of 25 loci were successfully genotyped
in all 41 samples. In all cases, sufficient genetic information was available to generate a
phenotype prediction (100% prediction feasibility).

Table 1. Number of markers successfully amplified in each panel for every individual in the study
population. The numbers of loci included in each panel are indicated in parentheses.

Sample
piSNP

aiSNP (56) Y-SNP (14) Total (107)
Eye (6) Hair (22) Skin (36) Subtotal (41)

08 5 * 19 31 35 40 F 75
19 5 * 20 31 36 42 11 89
23 5 * 20 31 36 39 F 75
24 6 22 34 39 47 12 98
25 5 * 16 29 32 38 F 70
31 5 * 21 32 37 41 F 78
34 6 20 32 36 42 12 90
47 5 * 19 30 33 40 10 83
66 6 22 35 40 52 14 106
74 5 16 29 32 50 10 92
81 6 22 35 40 54 12 106
82 6 22 35 40 55 14 107
83 6 22 35 40 52 12 104
88 5 17 30 33 47 8 88
89 6 21 32 37 44 F 81
91 6 22 34 39 51 12 102
96 5 * 20 31 36 35 10 81
98 6 22 35 40 51 12 103

103 6 22 35 40 54 14 107
104 6 22 36 41 53 12 106
106 6 21 34 39 48 12 99
107 6 22 35 40 52 12 104
109 6 21 31 37 44 11 92
122 5 * 20 32 37 40 11 88
123 6 21 32 37 44 F 81
124 4 * 14 27 30 36 8 74
134 6 21 33 38 48 11 97
144 6 22 34 39 50 12 101
145 6 22 33 38 42 F 80
147 6 11* 23 24 47 6 77
151 6 22 35 40 52 F 92
152 6 22 35 40 51 F 91
153 4 * 13 25 27 29 7 63
154 3 * 12 25 27 27 6 60
155 6 22 35 40 51 12 103
156 5 * 20 31 36 44 F 80
159 6 22 35 40 53 13 106
160 6 22 35 40 53 12 105
158 6 22 35 40 48 F 88
254 6 22 34 39 49 12 100
303 5 * 15 29 31 36 8 75

F: female sample, no Y-SNPs detected; * samples where no prediction was possible.

For the 56 aiSNPs, at least 27 markers were successfully genotyped per sample, which
was sufficient to generate principal component analysis (PCA) plots for ancestry inference
in all evaluable cases. Concerning the Y-SNP panel, Y markers were not detected in
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10 samples, corresponding to female individuals. The presence of at least one Y-SNP was
sufficient to determine male sex in the remaining samples.

3.3. Phenotype Prediction Performance Under Partial Genotyping Conditions

Phenotype predictions obtained using the HIrisPlex-S system were compared against
the observed phenotypes derived from standardized photographic assessment in the
41 samples that generated partial but interpretable genotypes (Table 2). Performance was
evaluated using prediction rate (the proportion of samples for which a prediction was
generated), strict classification accuracy, overall accuracy (including failed predictions),
and balanced performance across categories.

Eye color prediction was successfully generated in 28 out of the 41 samples (68.3%).
In the remaining 13 samples (31.7%), no prediction could be generated due to insuffi-
cient marker recovery. Notably, all failed predictions shared the absence of rs12913832,
confirming its pivotal role within the HIrisPlex-S model. Among the 28 samples with
available predictions, 23 were correctly classified and 5 were misclassified, yielding a strict
classification accuracy of 82.1% among the predicted samples. When failed predictions
were included, the overall accuracy decreased to 56.1%. Misclassifications primarily in-
volved confusion between blue and brown eye color categories, as well as the assignment
of intermediate eye color to the brown category. No extreme or biologically implausible
classifications were observed. The relatively high accuracy between predicted samples
suggests that once the core SNPs—particularly rs12913832—are recovered, the system
retains strong discriminatory capacity even under partial genotyping conditions. However,
the reduced prediction rate highlights the sensitivity of eye color inference to locus dropout.

Hair color prediction was achieved in 40 out of 41 samples (97.6%), demonstrating high
robustness to partial genotype recovery. Only one sample failed to generate a prediction
due to insufficient SNP recovery (11 of 22 loci). Among the 40 predicted samples, 28
were correctly classified, and 12 were misclassified, corresponding to a strict classification
accuracy of 70.0% and an overall accuracy of 68.3%. Most discrepancies occurred between
adjacent pigmentation categories, particularly between black and dark brown, and between
brown and blond. Importantly, the single red-haired individual was correctly predicted,
consistent with the high discriminatory performance of the red hair-associated markers.
The lower accuracy relative to eye color likely reflects the polygenic complexity of hair
pigmentation and the continuous variation observed in admixed populations, where
categorical classification may oversimplify biological reality. Balanced performance across
hair color categories revealed reduced sensitivity in distinguishing dark shades, suggesting
that partial marker recovery may disproportionately affect the resolution of closely related
pigmentation phenotypes.

Skin color prediction was successfully generated in all 41 samples (100% prediction
rate), indicating strong resilience of the 36-marker panel to partial genotype conditions.
Strict classification accuracy was 61.0% (25/41). However, when allowing a one-category
deviation (e.g., phototype II predicted as III), concordance increased substantially to 90.2%
(37/41). No extreme misclassifications were observed. Most discrepancies occurred be-
tween adjacent phototypes (II–III and III–IV), consistent with the continuous distribution
of pigmentation in admixed populations. These findings suggest that although categorical
precision may decrease under partial genotyping, the system maintains high biological
plausibility and practical utility for investigative purposes.
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Table 2. Observed and predicted phenotypes, including their corresponding area under the curve
(AUC) values. The following categories were considered: eye color (brown, blue, or intermediate);
hair color (brown, black, blond, or red); and skin color classified as very pale or phototype I (FI), pale
or phototype II (FII), intermediate or phototype III (FIII), dark or phototype IV (FIV), and black or
phototype V (FV). NA was used for non-generated data.

Eye Color Hair Color Skin Color

Sample Observed
Predicted

(p)
AUC Observed

Predicted
(p)

AUC Observed
Predicted

(p)
AUC

8 Brown NA 0.9460 Brown Black
(0.5194) 0.8592 F-III F-III

(0.9432) 0.7833

19 Brown NA 0.9460 Brown Black
(0.5886) 0.8592 F-III F-III

(0.9998) 0.7833

23 Intermediate NA 0.9460 Brown Black
(0.7216) 0.8592 F-II F-III

(0.4844) 0.7833

24 Brown Brown
(0.9909) 0.9460 Brown Brown

(0.8201) 0.7410 F-III F-III
(0.9999) 0.7833

25 Brown NA 0.9460 Brown Blond
(0.5128) 0.8132 F-II F-III

(0.7337) 0.7833

31 Brown NA 0.9460 Brown Blond
(0.5020) 0.8132 F-II F-III

(0.9995) 0.7833

34 Brown Brown
(0.9946) 0.9460 Black Black

(0.6699) 0.8592 F-IV F-III
(0.9952) 0.7833

47 Brown NA 0.9460 Black Brown
(0.4771) 0.7410 F-III F-III

(0.9543) 0.7833

66 Brown Brown
(0.9930) 0.9460 Black Brown

(0.6974) 0.7410 F-III F-III
(0.9992) 0.7833

74 Brown Brown
(0.9784) 0.9460 Black Brown

(0.5391) 0.7410 F-III F-V
(0.9540) 0.9934

81 Brown Brown
(0.9117) 0.9460 Brown Brown

(0.6169) 0.7410 F-III F-III
(0.9996) 0.7833

82 Brown Brown
(0.7758) 0.9460 Blond Brown

(0.6294) 0.7410 F-I F-III
(0.5864) 0.7833

83 Brown Brown
(0.9978) 0.9460 Black Black

(0.6120) 0.6120 F-IV F-V
(0.8312) 0.9934

88 Brown Brown
(0.9945) 0.9460 Black Black

(0.8595) 0.8592 F-III F-III
(0.9216) 0.7833

89 Intermediate Brown
(0.5474) 0.9460 Brown Brown

(0.6221) 0.7410 F-II F-III
(0.9999) 0.7833

91 Brown Brown
(0.9972) 0.9460 Black Black

(0.7683) 0.8592 F-III F-III
(0.9981) 0.7833

96 Brown NA 0.9460 Black Black
(0.8780) 0.8592 F-II F-III

(0.9965) 0.7833

98 Brown Brown
(0.7667) 0.9460 Brown Brown

(0.5531) 0.7410 F-II F-III
(0.6326) 0.7833

103 Brown Brown
(0.9972) 0.9460 Black Black

(0.7915) 0.8592 F-IV F-III
(0.9981) 0.7833

104 Brown Brown
(0.9857) 0.9460 Black Black

(0.5666) 0.8592 F-III F-III
(0.9998) 0.7833

106 Brown Brown
(0.9930) 0.9460 Brown Brown

(0.5052) 0.7410 F-III F-III
(0.9952) 0.7833

107 Brown Brown
(0.9377) 0.9460 Red Red

(0.8363) 0.9289 F-II F-III
(0.5412) 0.7833

109 Brown Brown
(0.9822) 0.9460 Black Brown

(0.5415) 0.7410 F-III F-III
(0.9989) 0.7833

122 Brown NA 0.9460 Black Brown
(0.4889) 0.7410 F-III F-III

(0.89117) 0.7833

123 Brown Brown
(0.9930) 0.9460 Brown Brown

(0.7204) 0.7410 F-II F-III
(0.8211) 0.7833
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Table 2. Cont.

Eye Color Hair Color Skin Color

Sample Observed
Predicted

(p)
AUC Observed

Predicted
(p)

AUC Observed
Predicted

(p)
AUC

124 Brown NA 0.9460 Black Black
(0.4559) 0.8592 F-III F-III

(0.9968) 0.7833

134 Brown Brown
(0.9426) 0.9460 Blond Brown

(0.4957) 0.7410 F-I F-III
(0.9999) 0.7833

144 Brown Brown
(0.9978) 0.9460 Black Black

(0.8555) 0.8592 F-IV F-III
(0.9377) 0.7833

145 Brown Blue
(0.8478) 0.9460 Black Blond

(0.7053) 0.8132 F-III F-II
(0.6178) 0.7627

147 Brown Brown
(0.9565) 0.9460 Black NA 0.9289 F-III F-III

(0.9506) 0.7833

151 Brown Brown
(0.9946) 0.9460 Black Brown

(0.5491) 0.7410 F-II F-III
(0.8482) 0.7833

152 Brown Brown
(0.9815) 0.9460 Brown Brown

(0.6806) 0.7410 F-II F-III
(0.8618) 0.7833

153 Intermediate NA 0.9460 Brown Black
(0.7481) 0.8592 F-III F-III

(0.8618) 0.7833

154 Brown NA 0.9460 Black Black
(0.5126) 0.8592 F-III F-III

(0.9969) 0.7833

155 Brown Blue
(0.9150) 0.9460 Black Blond

(0.6323) 0.8132 F-II F-III
(0.9991) 0.7833

156 Brown NA 0.9460 Brown Brown
(0.3984) 0.7410 F-II F-III

(0.9780) 0.7833

159 Blue Brown
(0.9767) 0.9460 Blond Black

(0.5478) 0.8592 F-I F-III
(0.9980) 0.7833

160 Brown Brown
(0.7667) 0.9460 Black Brown

(0.5418) 0.7410 F-III F-III
(0.9389) 0.7833

158 Brown Brown
(0.9780) 0.9460 Brown Brown

(0.6362) 0.7410 F-III F-III
(0.9559) 0.7833

254 Intermediate Blue
(0.6498) 0.9460 Brown Brown

(0.5865) 0.7410 F-III F-III
(0.7663) 0.7833

303 Brown NA 0.9460 Brown Brown
(0.5604) 0.7410 F-III F-V

(0.6829) 0.9934

3.4. In Silico Sensitivity Assessment of the IrisPlex Eye Color Panel

Considering the eye color prediction failures observed under partial genotyping
conditions, an additional in silico sensitivity analysis was conducted to evaluate the relative
contribution of each SNP within the IrisPlex eye color panel to model operability.

Six independent simulation assays were performed using the HIrisPlex-S online
platform. For each assay, complete genotype datasets were artificially modified to introduce
systematic locus-specific dropout across all individuals. In the first simulation, genotypes
at rs12913832 were removed for the entire sample set. In subsequent simulations, dropout
was sequentially introduced at rs1800407 and each of the remaining IrisPlex eye color
SNPs, one at a time, while keeping all other loci intact. This approach allowed the isolated
evaluation of each marker’s contribution to prediction feasibility.

The simulations demonstrated that eye color prediction remained possible for all
individuals as long as rs12913832 was retained in the genotype profile. In contrast, artificial
removal of rs12913832 resulted in complete prediction failure across the dataset, regardless
of the presence of the remaining SNPs. Dropout of any other individual marker did not
prevent the generation of eye color predictions.

These findings confirm that rs12913832 functions as the primary driver of model
operability within the IrisPlex system. Its absence compromises the algorithm’s capacity to
compute posterior probabilities, explaining the systematic prediction failures observed in
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the empirical partial genotypes described above. The in silico results, therefore, provide
mechanistic support for the experimental data and highlight the disproportionate weight
of rs12913832 in eye color inference.

3.5. Comparative Robustness Across Traits

When comparing performance metrics across traits, clear differences in robustness
under partial genotyping conditions were observed. Skin color inference demonstrated
the highest resilience, with a 100% prediction rate and high adjacent-category concordance.
Hair color prediction also showed high feasibility (97.6%), although with moderate clas-
sification accuracy. In contrast, eye color prediction was the most sensitive to marker
dropout, primarily driven by the absence of rs12913832, resulting in the lowest prediction
rate (68.3%) despite high accuracy among successfully predicted samples. These results
indicate that the predictive stability of the ForenSeq™ Imagen kit under partial genotyping
conditions is trait-dependent and strongly influenced by the relative weight of individual
SNPs within each predictive model.

3.6. Biogeographic Ancestry Inference

All 41 samples yielded sufficient aiSNP recovery (≥27 of 56 loci) to generate inter-
pretable principal component analysis (PCA) clustering patterns. The observed distri-
butions revealed four predominant ancestry patterns (Figure 1): (a) centroid with pre-
dominantly American ancestry (admixed); (b) slightly inclined towards the East Asian
population, probably showing higher Native American ancestry; (c) slightly inclined to-
wards the European sample; and (d) highly inclined towards the European sample, showing
individuals with high European ancestry. Interestingly, samples with the European pattern
were the most frequent (46.3%), while the East Asian/Native American pattern was the
least frequent (7.3%). Partial genotype recovery did not preclude ancestry inference in any
sample, indicating that the aiSNP panel retains analytical stability even when full marker
recovery is not achieved.

 

Figure 1. Distribution of ancestry patterns in 41 samples analyzed using the ForenSeq™ IMAGEN
kit. The following groups were observed: (a) centroid pattern of American Mestizos; (b) pattern
slightly shifted toward East Asian ancestry; (c) pattern with a slight shift toward European ancestry;
and (d) pattern strongly shifted toward European ancestry.
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4. Discussion

4.1. Technical Performance Under Partial Genotyping Conditions

This study, to our knowledge, provides the first independent evaluation of the
ForenSeq™ Imagen kit under partial genotyping conditions, offering insight into system
behavior beyond ideal validation settings. Although complete genotype recovery was not
achieved across all samples, the partial profiles generated allowed for the assessment of the
operational tolerance of phenotype and ancestry inference models when confronted with
incomplete genetic information—an increasingly realistic scenario in forensic casework
involving degraded or limited DNA [1].

A considerable proportion of samples exhibited locus-specific dropout across different
marker panels. Importantly, the results demonstrate that prediction feasibility is not directly
proportional to the overall percentage of recovered loci. Instead, model operability depends
disproportionately on retaining specific high-impact variants. This distinction is critical:
global genotyping success rates may appear acceptable while phenotype prediction fails
due to the absence of a single pivotal marker.

The spatial clustering of dropout events across the sequencing plate suggested a tech-
nical origin associated with multichannel pipetting variability during library preparation.
Recurrent amplification failure in samples occupying the same channel position supports
the hypothesis of uneven reagent dispensing. Such pre-analytical variability is consistent
with high-throughput MPS workflows and has been recognized as a source of locus imbal-
ance in forensic MPS applications [7]. These findings suggest that the incomplete genotype
recovery observed in this study likely reflects workflow-related variability rather than
intrinsic limitations of the ForenSeq™ Imagen kit chemistry. Studies evaluating related
MPS-based forensic workflows have also reported locus imbalance and variable marker
recovery when analyzing degraded or otherwise challenging DNA samples, particularly
under degraded conditions [17]. Nonetheless, the downstream interpretive consequences
remain operationally relevant.

An additional factor that may have contributed to the observed variability in geno-
typing performance is the absence of a human-specific DNA quantification method. In
forensic NGS workflows, qPCR-based quantification assays targeting human DNA are crit-
ical to accurately estimate the amount of amplifiable template. Non-specific quantification
methods may overestimate DNA concentration in the presence of degradation, non-human
DNA, or inhibitors, potentially leading to suboptimal library input and increased allele
dropout. Therefore, the incomplete genotype recovery observed in this study may be
partially explained by limitations in DNA quantification, in addition to stochastic and
technical factors during library preparation.

Importantly, the overall sequencing run quality metrics were well within the manu-
facturer’s recommended thresholds, including optimal cluster density, high percentages
of clusters passing filters, and acceptable phasing and prephasing rates. Per-cycle qual-
ity plots confirmed stable base-calling performance throughout the run. These findings
indicate that the locus-specific dropout observed in this study cannot be attributed to sub-
optimal sequencing chemistry or instrument performance, reinforcing the interpretation
that pre-analytical workflow variability is the primary contributing factor.

4.2. Phenotype Prediction Robustness and Marker-Specific Sensitivity

Eye color prediction was critically dependent on the presence of rs12913832. Both
empirical observations and in silico dropout simulations consistently showed that its
absence led to systematic prediction failure, even when the remaining IrisPlex markers
were successfully genotyped. This behavior is consistent with the design of the HIrisPlex-S
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model, which does not generate eye color predictions when rs12913832 is missing [5]. In
contrast, dropout affecting other individual SNPs did not prevent phenotype inference.

The relatively high frequency of rs12913832 dropout observed in this study further
explains the reduced feasibility of eye color prediction under partial genotyping conditions.
This dependency reflects the biological and statistical architecture of pigmentation models.
The rs12913832 variant, located within an intronic enhancer region of HERC2, regulates
OCA2 expression and exerts a major effect on blue versus brown eye pigmentation [3,18,19].
Its strong predictive weight explains why HIrisPlex-S operability collapses when this
marker is absent. Thus, the observed sensitivity does not represent dataset-specific instabil-
ity but rather an inherent structural characteristic of the model.

Intermediate eye colors showed greater variability, consistent with previous IrisPlex
validation studies reporting reduced accuracy for non-binary pigmentation categories [3,5].
This limitation is particularly relevant in admixed populations such as Mexican mesti-
zos, whose tri-hybrid ancestry components (European, Native American, and African)
generate continuous ancestry and pigmentation gradients that challenge models trained
predominantly on European reference datasets [3,5,20,21].

In contrast, hair and skin color prediction exhibited greater resilience under partial
genotype recovery. Hair prediction remained feasible in over 97% of samples despite
recovery ranging from 12 to 22 SNPs, while skin color inference was successful with as few
as 25 of 36 loci. The polygenic architecture of these traits, involving distributed effect sizes
across multiple loci [5], likely confers greater tolerance to partial genotype loss compared
with the near single-locus dependency observed for eye color.

4.3. Ancestry and Y-SNP Inference Stability

Biogeographic ancestry inference demonstrated notable robustness. All samples with
at least 27 aiSNPs produced interpretable PCA clustering patterns. This resilience likely
reflects the multivariate structure of ancestry inference, where population differentiation
signals are distributed across numerous loci rather than concentrated in a single variant [1].
Unlike eye color prediction, which can collapse with the loss of a critical SNP, ancestry
inference relies on cumulative allele frequency patterns across populations.

Similarly, Y-SNP detection reliably distinguished male and female samples, as no
Y-SNPs were detected in female individuals. The presence of even a single Y-SNP was suffi-
cient for sex determination, confirming analytical specificity despite incomplete recovery.
The utility of Y-linked markers for sex determination in forensic genetics has been widely
established [22].

4.4. Comparison with Previous Mexican MPS-Based FDP Studies

Previous studies conducted in Mexican populations using the ForenSeq™ DNA Signa-
ture Prep kit (DPSB configuration) reported high accuracy in eye color prediction, particu-
larly for brown phenotypes (>96%), and variable performance for hair color depending
on the analytical tool used. Those studies, however, were performed under conditions of
near-complete genotype recovery [10,23].

The present work extends these findings by examining system behavior under in-
complete marker recovery. While the previous works demonstrated the feasibility of FDP
in Mexican mestizo cohorts, they did not explicitly evaluate the impact of locus-specific
dropout on prediction operability. Our results indicate that even modest marker loss may
critically impair prediction if high-impact loci such as rs12913832 are absent.

Moreover, the predominance of brown eyes and dark hair in Mexican cohorts [10,23]
may inflate classification accuracy for majority phenotypes while limiting the evaluation
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of rarer categories. Under partial genotyping conditions, these structural dependencies
become more evident.

Compared to exploratory analyses of the ForenSeq™ Imagen kit for additional pheno-
types [11], which focused on trait expansion rather than operational robustness, the present
study provides performance-based evidence regarding genotype completeness thresholds
and marker dependency, an aspect essential for real forensic implementation.

4.5. Practical Implications for Forensic Casework

An important operational insight emerging from this study is that the reliability
of phenotype prediction cannot be inferred solely from overall genotyping percentages.
Instead, locus-specific integrity must be evaluated. Laboratories implementing MPS-based
forensic DNA phenotyping systems should monitor marker-level recovery metrics and
transparently report missing high-impact loci.

Although the strong association between rs12913832 and eye color is well-
established [3,18,19], the present results highlight an important operational implication for
forensic DNA phenotyping workflows. When genotype profiles are incomplete, the absence
of this single high-impact SNP can prevent reliable eye color prediction, even if most other
loci are successfully recovered. Therefore, locus-level quality assessment becomes critical
during data interpretation. Laboratories implementing MPS-based FDP systems should
explicitly verify and report the recovery of key predictive markers such as rs12913832 when
presenting phenotype inference results derived from partial genotype profiles.

In countries such as Mexico, where large numbers of unidentified remains persist, and
reference samples are often unavailable [24], FDP may provide valuable investigative leads.
However, predictions derived from incomplete profiles must be interpreted with caution.
Overinterpretation of predictions in the absence of critical markers should be avoided to
ensure the responsible application of forensic analysis.

4.6. Study Limitations and Future Directions

This study has some limitations that should be considered when interpreting the
results. First, the analyses were performed using reference samples under controlled
laboratory conditions rather than typical forensic casework material. Consequently, the
DNA analyzed in this study does not fully replicate the range of degradation patterns com-
monly encountered in forensic investigations. In this context, the genotype loss observed
across some samples likely reflects technical variability during library preparation rather
than environmental DNA damage or other common forensic challenges. Additionally,
the number of evaluable partial genotypes was moderate, and genotype loss was not
systematically evaluated using controlled degradation or low-template DNA experiments.
Therefore, quantitative thresholds for minimum DNA input or degradation tolerance could
not be defined.

Another limitation concerns the ancestry inference analysis. In this study, population
structure was explored using principal component analysis (PCA), and ancestry patterns
were interpreted based on visual clustering of the samples relative to reference populations.
While PCA is widely used as an exploratory tool in population genetics, this approach
does not provide probabilistic ancestry assignment, admixture proportions, or formal
classification accuracy estimates. Consequently, the ancestry interpretations presented here
should be considered descriptive rather than definitive.

Future research should incorporate probabilistic ancestry inference approaches, such
as admixture-based models or assignment tests, to provide quantitative estimates of ances-
try proportions and classification probabilities. However, this task appears to be difficult in
the short-term, as no databases of Mexican Native American groups have been reported
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that are compatible with the aiSNPs included in this kit, a prerequisite for determining
percentages of ancestry and genetic admixture [25].

Additionally, future studies should incorporate controlled degradation models, low-
template DNA experiments, and samples containing potential inhibitors to better simulate
realistic forensic conditions. Replicate library preparations could also be performed to
assess technical reproducibility, and quantitative analyses should be implemented to deter-
mine the minimum number of loci required for stable phenotype and ancestry prediction
across traits.

5. Conclusions

Collectively, these findings demonstrate that the ForenSeq™ Imagen kit retains prac-
tical utility under partial genotyping conditions, particularly for hair color, skin color,
ancestry, and sex inference. However, eye color prediction exhibits structural vulnerability
due to its dependence on rs12913832, a locus consistently identified as the principal deter-
minant in IrisPlex-based systems. Evaluating forensic DNA phenotyping systems under
realistic non-ideal conditions is essential to define their true operational limits and ensure
scientifically robust and responsible implementation.
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Abstract

Background/Objectives: Forensic DNA phenotyping (FDP) enables the prediction of exter-
nally visible characteristics (EVCs) such as eye, hair, and skin color, ancestry, and age from
biological traces. However, low template DNA (LT-DNA), often derived from degraded
or trace samples, poses significant challenges due to allelic dropout, contamination, and
incomplete profiles. This review evaluates recent advances in FDP from LT-DNA, focusing
on the integration of machine learning (ML) models to improve predictive accuracy and
operational readiness, while addressing ethical and population-related considerations.
Methods: A comprehensive literature review was conducted on FDP and ML applications
in forensic genomics. Key areas examined include SNP-based trait modeling, genotype
imputation, epigenetic age estimation, and probabilistic inference. Comparative perfor-
mance of ML algorithms (Random Forests, Support Vector Machines, Gradient Boosting,
and deep learning) was assessed using datasets such as the 1000 Genomes Project, UK
Biobank, and forensic casework samples. Ethical frameworks and validation standards
were also analyzed. Results: ML approaches significantly enhance phenotype prediction
from LT-DNA, achieving AUC > 0.9 for eye color and improving SNP recovery by up to
15% through imputation. Tools like HIrisPlex-S and VISAGE panels remain robust for eye
and hair color, with moderate accuracy for skin tone and emerging capabilities for age and
facial morphology. Limitations persist in admixed populations and traits with polygenic
complexity. Interpretability and bias mitigation remain critical for forensic admissibility.
Conclusions: L integration strengthens FDP from LT-DNA, offering valuable investigative
leads in challenging scenarios. Future directions include multi-omics integration, portable
sequencing platforms, inclusive reference datasets, and explainable AI to ensure accuracy,
transparency, and ethical compliance in forensic applications.

Keywords: forensic DNA phenotyping (FDP); low template DNA (LT-DNA); machine
learning (ML); externally visible characteristics (EVC); SNP-based prediction; forensic
genomics
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1. Introduction

The forensic application of genetic data has evolved from a tool of straightforward
identity verification to a complex system capable of predicting human phenotypes from
biological traces, a field known as Forensic DNA Phenotyping (FDP) [1,2]. This paradigm
shift is driven by technological advances in genomics, particularly genome-wide associa-
tion studies (GWAS), next-generation sequencing (NGS), and increasingly sophisticated
computational modeling [3]. FDP allows investigators to derive investigative leads from
crime scene DNA by predicting externally visible characteristics (EVCs) such as eye, hair,
and skin color, biogeographic ancestry, and chronological age, even in the absence of a
known reference profile [4].

The idea of forensic DNA intelligence is to extract any information from DNA that can
help guide criminal investigations, especially when no match exists in short tandem repeat
(STR) databases [5]. Of practical importance are clues to the physical phenotype, due to the
high heritability of human appearance traits [6]. While early forensic genetics relied on STR
profiling for identity matching, STR markers are neutral and do not provide phenotypic
information [7]. FDP has thus emerged as an essential tool in cases involving unidentified
perpetrators, cold cases, mass disasters, or heavily degraded biological remains [8].

The notion that physical features can be “read” from DNA began to gain scientific
credibility in the early 2000s with the publication of large-scale GWAS that identified single
nucleotide polymorphisms (SNPs) associated with human pigmentation and morphology.
Early SNP-based systems such as IrisPlex and HIrisPlex-S demonstrated the feasibility of
predicting eye and hair color with moderate to high accuracy. As understanding of complex
trait genetics expanded, FDP broadened to include traits like freckles, hair structure, male
pattern baldness, and tall stature, as well as subcontinental ancestry and age from multiple
tissues [1].

A major challenge in FDP is the prediction of complex traits, which are polygenic and
often influenced by environmental and developmental factors. Traits like facial morphol-
ogy or skin tone involve many small-effect variants, requiring big data approaches and
machine learning (ML) models trained on large, diverse reference datasets (Figure 1). For
simpler traits with high heritability, targeted analysis of a limited number of markers using
massively parallel sequencing (MPS) has proven effective. However, achieving universal
genomic predictors for all traits will require the construction of much larger databases
derived from whole-genome sequencing (WGS), including rare variants that may influence
phenotypes. Furthermore, for accurate appearance prediction, age estimation must be con-
sidered; this can be derived from epigenetic modifications, particularly DNA methylation
markers, which reflect biological age [3].

Technological limitations persist, especially in cases involving LT-DNA or degraded
skeletal remains, which are common in real-world forensics. LT-DNA samples, often
collected from trace biological material such as epithelial cells, touched objects, or aged
remains, are susceptible to allelic dropout, amplification errors, and partial genotyping.
Despite these challenges, tools like the Ion AmpliSeq™ HIrisPlex-S panel, validated using
Ion Torrent MPS technology, have shown remarkable resilience. In a study analyzing 63
bone samples aged up to 80 years, full pigmentation profiles could be recovered from over
55% of cases, with successful eye and hair color predictions made from partial profiles in
many others. Nonetheless, certain SNPs, especially those relevant to skin color, showed
consistent underperformance, highlighting the need for primer redesign in future iterations
of the panel [9].
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Figure 1. The integration of ML with FDP has significantly enhanced the ability to extract meaningful
information from LT-DNA, though the accuracy of predictions remains fundamentally tied to data
quality, genetic coverage, and technological sensitivity (created with BioRender, https://www.
biorender.com).

Importantly, the correctness and utility of forensic phenotyping are fundamentally tied
to data quality, genetic coverage, and technological sensitivity. As shown by the example
of paleoanthropology, where DNA is extracted from highly degraded remains, there is
potential for adapting high-throughput, low-input genomic methods to forensic contexts.
The slow pace of their forensic adoption, however, is due in part to technical, regulatory,
and funding constraints [10–14].

This review explores the scientific and technological advances that are reshaping
the field of FDP, with particular emphasis on the application of ML for predicting phys-
ical appearance from LT-DNA. It begins by defining LT-DNA and outlining the unique
challenges it presents in forensic investigations. The development of FDP is then exam-
ined, from its early use in identity testing to its current application in predicting (EVCs),
biogeographic ancestry, and chronological age. Particular attention is given to the integra-
tion of ML approaches, which have become essential for modeling complex traits from
partial or degraded genetic data. The review also addresses the practical and technical
limitations associated with compromised samples and highlights how recent technological
and computational advancements aim to mitigate these issues. Finally, it discusses future
perspectives in the field, including the integration of multi-omics data, the expansion of
reference databases to enhance predictive accuracy across diverse populations, and the
ethical considerations surrounding the forensic use of predictive genetic information.

2. Low Template DNA: Challenges and Opportunities

2.1. Definition and Characteristics

LT-DNA represents a critical category of forensic genetic evidence characterized by a
minute quantity of recoverable DNA, typically considered to be below 100 picograms (pg),
or fewer than approximately 15–20 human diploid cells [15]. Such low-level samples are
frequently encountered in crime scene investigations involving biological trace, including
touch DNA, aged stains, shed hairs, or severely degraded tissue [16]. The forensic utility of
LT-DNA lies in its potential to provide investigative leads in cases where standard DNA
profiling techniques may fail due to insufficient template quantity, stochastic effects, or
contamination risks [17].
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A defining feature of LT-DNA analysis is its susceptibility to stochastic variation
during PCR amplification, leading to challenges such as allelic dropout (failure to detect
one allele of a heterozygous locus), allelic drop-in (spurious alleles introduced during
amplification), and peak imbalance in electropherograms [18]. These artifacts compromise
interpretation reliability, necessitating both technical rigor and statistical caution in forensic
applications. To address these limitations, laboratories have developed specialized proto-
cols and technologies aimed at maximizing the information recovered from low-level DNA
while minimizing noise and erroneous profiles [19].

One of the central technical questions in processing LT-DNA is whether to concentrate
the available extract into a single amplification or split it across replicates. A decision-
theoretical study investigating this dilemma demonstrated that performing two replicates
yields a higher expected net gain (ENG) than a single amplification, provided that the DNA
quantity is sufficient to produce peak heights as low as 43 relative fluorescence units (RFU)
on average. This finding underscores the benefit of replicate analyses in enhancing the
reliability and information content of LT-DNA profiles, particularly when operating near
the analytical sensitivity threshold of current instrumentation [20].

Analytical threshold (AT) determination is another key factor in managing LT-DNA
profiles. Given the low signal intensity and high background noise often observed in
such samples, accurate AT setting becomes crucial for distinguishing true alleles from
spurious peaks. Research has shown that baseline signal patterns are influenced by reagent
kits, laboratory conditions, instrument calibration, and the number of amplification cycles.
In response, some laboratories now calculate the AT dynamically using baseline signal
distributions from negative control profiles. One study proposed a comparative framework
for evaluating AT methods and introduced a real-time analysis tool that allows forensic
analysts to tailor ATs to specific experimental conditions, improving data accuracy while
preserving true allele signals in most LT-DNA scenarios, though challenges persist in
extremely low-template and high-cycle cases [21,22] (Figure 2).

Beyond analytical thresholds, optimizing amplification strategies is essential when
dealing with limited or degraded DNA. A study involving 155 forensic case samples with
DNA concentrations between 5 and 14.3 pg/μL revealed that samples exceeding 10 pg/μL
and with a degradation index below 3 (a ratio indicating the relative amplification success
of short versus long DNA fragments, used to assess sample degradation) were significantly
more likely to yield informative profiles. Applying empirically derived thresholds for DNA
quantity and quality, researchers found that forensic laboratories could reduce analytical
workload by 32% while retaining 83% of usable profiles, offering a pragmatic approach to
resource allocation in high-throughput forensic contexts [23].

Recent developments in post-PCR processing have also demonstrated promises for
improving allele recovery from low template and trace DNA samples. A study evaluating
the Amplicon RX post-PCR clean-up method found significant improvements in allele
recovery and signal intensity when compared to standard 29- and 30-cycle protocols using
the GlobalFiler amplification kit. Particularly at DNA concentrations as low as 0.001 ng/μL
(i.e., 1 pg/μL), the Amplicon RX method yielded superior results, reinforcing its value in
analyzing extremely low-template and degraded samples. While all methods struggled at
the lowest tested concentration (0.0001 ng/μL), the clean-up procedure still outperformed
traditional protocols, emphasizing the need for continued innovation in post-amplification
refinement techniques [24].
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Figure 2. Optimized workflow for LT-DNA analysis in forensic laboratories. Key steps include:
(1) sample assessment for DNA concentration and degradation index; (2) replicate analysis to improve
reliability and ENG; and (3) dynamic threshold calibration based on baseline signal distributions.
(Created with BioRender: www.biorender.com).

Despite these methodological advances, significant limitations remain in working with
LT-DNA. The inherent stochasticity of low-copy amplification, variability in laboratory-
specific workflows, and the impact of environmental factors such as temperature and
humidity all contribute to result uncertainty [25,26]. Additionally, inter-laboratory stan-
dardization for defining what constitutes “low template” remains inconsistent, although
the commonly cited threshold of 100 pg has become widely accepted as a working guide-
line [27]. Importantly, successful profiling from LT-DNA is not solely a function of DNA
quantity, but rather a balance of factors including degradation, inhibition, locus-specific
amplification efficiency, and the effectiveness of downstream analysis tools [28].

In conclusion, LT-DNA represents both a challenge and an opportunity in forensic
genetics. Its successful analysis requires careful consideration of DNA quantity, quality,
amplification strategies, threshold calibration, and post-PCR treatment. The body of
evidence now supports the use of multi-replicate strategies, adaptive thresholding, and
optimized amplification-clean-up protocols as key methods to enhance the reliability of
LT-DNA profiling. As technological advancements in sequencing sensitivity and forensic
assay design continue to evolve, it is anticipated that the definition and analytical handling
of LT-DNA will become increasingly standardized and robust, improving the evidentiary
value of this critical class of forensic samples.

2.2. Sources of LT-DNA

LT-DNA is frequently obtained from minute or degraded samples encountered in
forensic casework, including touch DNA, shed or rootless hair shafts, trace biological
fluids, and skeletal remains such as aged bone and teeth. While these sources can be
pivotal in linking a suspect to a crime scene or identifying unknown remains, they each
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present distinct challenges related to DNA quantity, degradation, contamination risk, and
extraction complexity [29,30].

Touch DNA, or transfer DNA, is one of the most common sources of LT-DNA in
forensic casework. It consists of DNA deposited via skin contact on surfaces, items, or
human skin. The DNA is primarily derived from shed epithelial cells (corneocytes), which
are often anucleated or contain degraded nuclear material. Studies have shown that to
recover a full STR profile using direct PCR, at least 40 buccal cells or 4000 corneocytes
are needed from touch samples collected via swab or tape lift. When extracted using
conventional workflows, 8000 or more corneocytes may be required to obtain comparable
results [31]. Collection methods significantly impact DNA recovery, though no single
swabbing technique has proven superior. The widely used double-swab method showed
modest improvement in DNA yield (average 13.7% more DNA) but not necessarily in STR
recovery [32]. Further complicating touch DNA analysis is the indirect transfer of human
DNA into the environment, onto dust, furniture, or air particles, raising the possibility
of retrieving DNA from individuals who were merely present in a room, not necessarily
involved in a criminal act [33].

Hair shafts, especially shed or rootless hairs, are another key yet problematic source
of LT-DNA. Hair shafts contain highly degraded and fragmented nuclear DNA, often
in insufficient quantities for STR profiling, particularly when subjected to environmental
stress such as UV exposure or chemical treatment [34]. While mitochondrial DNA (mtDNA)
can be recovered more consistently from hair shafts, hair nuDNA typing has been improved
by massively parallel sequencing (MPS) platforms, which enable simultaneous analysis
of mtDNA, STRs, SNPs, and Amelogenin markers [35]. DNA extraction methods, such
as the Investigator and MinElute protocols, significantly affect outcomes; the Investigator
method has shown superior results in terms of depth of coverage, SNP genotyping success,
and lower dropout rates [35]. Additionally, telogen hair roots, those not in active growth
phase, have historically yielded poor DNA results. However, using Hematoxylin staining
to quantify nuclear content before selecting roots for testing has been shown to double the
success rate of DNA profiling, from 32% to 69% [36].

Trace biological fluids such as saliva, sweat, and dried blood smears are also common
sources of LT-DNA. These samples often contain small quantities of nucleated cells, and the
DNA yield varies widely. Fluids such as urine and sweat yield the least DNA due to their
low cellular content, whereas blood and semen typically contain higher concentrations
of nucleated cells and are more amenable to traditional STR analysis [37]. Identification
and proper collection of such fluids, especially when partially degraded or exposed, are
essential to ensure successful analysis. Innovative strategies using fluorescent nucleic
acid dyes have enhanced the visualization and targeted collection of cellular material,
improving downstream processing success rates [38].

Skeletal remains, including bones and teeth, are routinely encountered in forensic
investigations involving long postmortem intervals or extreme environmental exposure.
These matrices are inherently challenging due to the degradation of DNA over time by
temperature, humidity, microbial activity, and pH. Among skeletal elements, the petrous
part of the temporal bone has demonstrated the highest DNA yield, up to 30 times that
of other bones, due to its dense structure and protective anatomy. Several studies have
confirmed that petrous bones outperform femurs, metacarpals, and even teeth in terms
of STR profile completeness and reduced dropout rates [39,40]. Similarly, teeth remain a
viable DNA source even when exposed to harsh environmental or chemical conditions,
such as prolonged submersion in acids, due to their resilient enamel structure. Full or
partial DNA profiles can still be recovered from teeth exposed to sulfuric, hydrochloric, or
nitric acids for up to 120 h [41].
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Aged or degraded skeletal samples require optimized pre-analytical strategies, in-
cluding the use of decalcification agents, silica-based extraction protocols, and automated
systems such as the Maxwell FSC DNA IQ platform. These methods improve yield and re-
duce handling time, though the success of DNA recovery still largely depends on selecting
the most suitable skeletal elements and applying strict contamination controls [42].

In conclusion, LT-DNA is obtained from a wide range of forensic materials, each
presenting unique challenges that must be addressed through tailored extraction, quantifi-
cation, and amplification protocols. The advent of MPS technologies, nuclear content screen-
ing, and enhanced collection methods has significantly expanded the ability to recover
probative genetic information from even the most limited and compromised DNA sources.
Continued innovation in these areas, combined with better triage methods and decision
thresholds, will be essential for maximizing the utility of LT-DNA in forensic casework.

2.3. Current Forensic Approaches for LT-DNA Analysis

LT-DNA analysis involves working with very small amounts of DNA, and presents a
series of challenges related to sensitivity, reproducibility, and interpretation. Despite these
limitations, significant advances in molecular techniques and analytical strategies have
allowed forensic scientists to maximize the evidentiary value of minimal and degraded
DNA samples, which are increasingly encountered in real-world forensic contexts.

One of the central technical approaches in LT-DNA analysis is the increase in PCR
cycle numbers during STR amplification to enhance sensitivity. By extending the ampli-
fication process beyond the standard 28–30 cycles to 34 or more, low levels of DNA can
be more effectively amplified, increasing the likelihood of detecting alleles that would
otherwise remain below analytical thresholds. However, this approach is not without
drawbacks. Stochastic effects, including allelic and locus drop-out, allelic drop-in, and peak
imbalance, become more pronounced as the DNA quantity decreases and amplification
cycles increase. These artifacts can compromise the reliability of the resulting profiles,
especially in mixed samples or degraded material. Nonetheless, validation studies have
demonstrated that replicate testing, even at very low template levels (e.g., 10–100 pg), can
produce reliable single-source profiles when a consensus approach is used. Such strate-
gies have helped forensic laboratories implement protocols that balance sensitivity with
interpretive robustness, even in high-stakes criminal investigations [43].

In addition to replicating testing, alternative strategies for improving the quality of
LT-DNA results have gained traction. Among these is single-cell DNA (scDNA) analysis,
which offers a solution to the limitations of traditional “bulk” extraction methods used
for mixed samples. In conventional workflows, crime scene stains containing multiple
contributors are extracted en masse, producing a homogenized mixture that complicates
deconvolution. In contrast, scDNA approaches involve subsampling individual cells from
the mixture before DNA extraction, thereby enabling the generation of highly probative,
single-source DNA profiles. This technique is particularly advantageous in resolving
complex mixtures, such as those involving relatives with similar genetic profiles, or when
detecting low-level contributors who may be masked in standard bulk analysis. Although
scDNA techniques are still in development and face technical hurdles related to sensitivity,
contamination risk, and cost, they represent a promising direction for the future of LT-DNA
analysis and forensic genomics as a whole [15].

Beyond individual technical innovations, forensic laboratories are also integrating
probabilistic genotyping software (PGS) to enhance interpretation of low-template or
complex DNA profiles. These software platforms employ statistical modeling to assign
likelihood ratios to competing hypotheses about DNA contributors, incorporating drop-out
probabilities, stutter modeling (stutter refers to minor PCR artifacts where a small peak ap-
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pears one repeat unit shorter than the true allele, caused by slippage during amplification),
and peak height variability. In LT-DNA contexts, where traditional binary interpretation
methods often fall short, PGS allows analysts to extract meaningful conclusions from in-
complete or uncertain data. Probabilistic genotyping is now considered the best practice
in the analysis of complex mixtures and degraded samples and is increasingly used in
courtrooms worldwide [44].

Another major advancement supporting LT-DNA analysis is the implementation of
NGS, which enables massively parallel processing of STRs, SNPs, and other markers from
minimal input DNA. NGS offers several advantages over capillary electrophoresis (CE)-
based STR analysis, including the ability to detect additional sequence variation within
STR alleles, improved resolution of mixture components, and simultaneous analysis of
mitochondrial and nuclear DNA. In LT-DNA contexts, NGS improves both the quantity
and quality of data recovered from challenging samples, such as aged bones, hair shafts, or
trace skin cells. However, NGS is not yet universally adopted in forensic laboratories due
to its cost, complexity, and validation requirements. Continued technological refinement
and standardization will be essential for widespread implementation in routine casework.

Despite these technical advances, LT-DNA analysis is not without controversy. Ethical
and legal debates persist regarding the admissibility and interpretation of low-level DNA
evidence. Concerns about contamination, false inclusions, and the risk of overstating the
probative value of partial profiles have led courts and scholars to scrutinize the scientific
reliability and legal fairness of LT-DNA testimony. Furthermore, as forensic DNA analysis
becomes more powerful and intrusive, especially with the rise in familial searching, phe-
notyping, and investigative genetic genealogy, important questions arise about privacy,
consent, and the potential infringement of civil liberties. Drawing on historical parallels
from the early days of DNA profiling, some commentators argue that current advances
must be met with a renewed commitment to protecting individual rights and ensuring
transparent, accountable use of forensic science [43].

Looking ahead, the future of LT-DNA analysis lies in the integration of multidisci-
plinary approaches. As highlighted by the INTERPOL Forensic Science Managers Sympo-
sium, the field is advancing through the convergence of technologies such as rapid DNA
testing, lineage marker analysis, microhaplotypes, proteomics, and epigenetic clocks for
age prediction. These methods are being combined with enhanced extraction protocols,
automation, and increasingly sophisticated bioinformatic tools to overcome the inherent
limitations of low-template samples. Quality assurance remains a top priority, with over 70
new international guidance documents published in recent years to standardize procedures,
enhance reliability, and promote cross-laboratory reproducibility [44].

In conclusion, current forensic approaches in LT-DNA analysis represent a dynamic
and rapidly evolving area of forensic science. Through the combined use of increased PCR
cycles, replicate consensus profiling, probabilistic modeling, single-cell analysis, and NGS
technologies, laboratories are increasingly capable of obtaining meaningful results from the
smallest and most degraded samples. At the same time, the legal and ethical frameworks
surrounding these technologies must evolve in parallel to ensure that forensic innovations
serve justice while respecting fundamental rights.

3. From Genotype to Phenotype: The Rise in FDP

The emergence of FDP marks a paradigm shift in modern forensic science. Where
traditional DNA profiling has long been limited to identifying individuals through STR
markers, FDP opens the possibility of predicting EVCs directly from genetic material,
particularly in human remains [45]. By bridging the gap between genotype and phenotype,
FDP enables investigators to infer aspects of an unknown person’s physical appearance,
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ancestry, and even age from DNA found at a crime scene [46]. This approach offers valuable
investigative leads, especially in cases where conventional methods reach a dead end [1].

FDP currently focuses on a defined but gradually expanding set of traits, each with
its own level of scientific maturity and predictive accuracy. Eye color, for instance, is
among the most reliable phenotypic traits to be predicted from DNA, thanks to well-
characterized variants in genes such as HERC2 and OCA2 [47,48]. In contrast, traits like
skin pigmentation and hair color are more genetically complex, influenced by multiple
genes and moderated by environmental factors. While red and black hair can be predicted
with reasonable confidence, intermediate hair shades and skin tones remain more difficult
to assess, particularly in admixed or non-European populations [49–51].

Secondary traits such as freckling and sun sensitivity can further refine a DNA-
based appearance profile, though they are typically used in conjunction with primary
pigmentation traits [52]. A more ambitious goal is the prediction of facial morphology,
which remains one of the most challenging areas due to its highly polygenic nature and
sensitivity to non-genetic influences like age, nutrition, and development. Although some
genetic variants (e.g., in PAX3 or EDAR) have been associated with facial shape, practical
applications in forensic casework are still in the early stages [53].

In parallel, advancements in epigenetics have introduced the possibility of estimating
chronological age from DNA, using methylation markers at specific CpG sites. Though age
is not a fixed phenotype in the genetic sense, these DNA methylation-based “epigenetic
clocks” offer promising tools for narrowing suspect or victim pools, particularly when
traditional identifiers are absent [54]. Moreover, biogeographical ancestry inference pro-
vides essential context for phenotype prediction, as genetic variant frequencies differ across
populations [55].

Tools like IrisPlex, HIrisPlex, and HIrisPlex-S panels, as well as the VISible Attributes
through GEnomics (VISAGE) Enhanced Tool, have made FDP more accessible in forensic
settings, allowing for targeted genotyping of key SNPs related to eye, hair, and skin color.
Genotyping 24 genetic markers (SNPs and indels) enables rapid and reliable prediction of
eye and hair color using the HIrisPlex system; the inclusion of 17 additional markers extends
this capability to skin color prediction through the HIrisPlex-S system. While these panels
show strong performance under ideal laboratory conditions, their predictive accuracy often
diminishes in real-world scenarios involving degraded, mixed, or low-template DNA.
As a result, integrating FDP into investigations requires not only scientific rigor but also
careful consideration of its limitations and the probabilistic nature of the predictions it
offers [56–59]. It is important to note that current forensic prediction panels (IrisPlex,
HIrisPlex-S, VISAGE) primarily employ multinomial logistic regression for trait inference.
These models are interpretable and validated for forensic use but differ fundamentally
from ML approaches discussed later, which aim to capture complex genotype–phenotype
relationships using non-linear, high-dimensional methods.

3.1. Forensic Eye Color Prediction from DNA: Insights from Genetic Markers

In forensic science, biological traces such as blood, saliva, semen, or epithelial cells
recovered from crime scenes are primarily used for human identification through DNA
profiling. However, recent advances have enabled the use of DNA to predict EVCs [60].

Eye color prediction is based on the analysis of specific SNPs associated with pig-
mentation genes [47]. These SNPs influence melanin synthesis and distribution in the iris,
which, despite being covered by the transparent cornea, exhibits color variation due to both
pigment concentration and structural light scattering in the stroma. The variation in iris
color is primarily determined by the number and distribution of stromal melanocytes and
the type of melanin, especially eumelanin, present [61].
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Eye color is a polygenic trait, with multiple genes contributing to its expression [57].
Among these, the SNP rs12913832 in the HERC2 gene has the most significant impact,
particularly in European populations. Although located in an intronic region of HERC2,
this SNP regulates the expression of the OCA2 gene, which encodes a protein essential
for melanin transport. Individuals with the AA genotype at rs12913832 typically have
blue eyes, GG genotype correlates with brown eyes, and AG heterozygotes often exhibit
intermediate shades such as green or hazel [62,63].

Other genes, such as SLC24A4, SLC45A2, TYR, TYRP1, ASIP or IRF4, also contribute
to eye color variation, especially for intermediate phenotypes. However, their predictive
power is generally lower and may vary across populations. Polymorphisms in these genes,
while informative, are often population-specific and less conserved than the HERC2-OCA2
regulatory axis [64–66].

To operate these genetic insights, the IrisPlex system was developed. This forensic
tool uses a panel of six SNPs (Table 1) to predict eye color using a multinomial logistic
regression model. The system outputs probabilities for three eye color categories: blue,
brown, and intermediate. A prediction is considered reliable when the highest probability
exceeds a threshold of 0.7. For example, a prediction of 0.89 for blue, 0.08 for brown, and
0.03 for intermediate would be interpreted as blue eyes [58].

Table 1. This table summarizes six SNPs located on various chromosomes, each associated with
genes involved in eye color prediction.

SNP ID Gene Chromosome Position Reference Genome

rs12913832 HERC2 15 28120472 GRCh38 38.1/141

rs1800407 OCA2 15 27985172 GRCh38 38.1/142

rs12896399 LOC105370627 14 92307319 GRCh38 38.1/141

rs16891982 SLC45A2 5 33951588 GRCh38 38.1/141

rs1393350 TYR 11 89277878 GRCh38 38.1/141

rs12203592 IRF4 6 396321 GRCh37 37.1/131

Validation studies have demonstrated that IrisPlex achieves over 90% accuracy for blue
and brown eyes in European populations. However, prediction accuracy for intermediate
eye colors remains lower (around 73%), with sensitivity as low as 1.1%, reflecting the
complex genetic architecture of these phenotypes [58].

As detailed in Section 2.3, LT-DNA introduces stochastic effects and allelic dropout
that may compromise prediction accuracy. Future challenges in iris color prediction lie
in integrating newly identified genetic markers to enhance predictive accuracy. A recent
publication highlighted that whole-exome sequencing of 150 individuals has uncovered
27 previously unreported variants associated with eye color, offering promising new targets
for prediction models. Notably, the SNP rs2253104 in the ARFIP2 gene emerged as a key
predictor, selected by multiple feature selection methods and contributing to the most
accurate regression models. These findings suggest that expanding SNP panels with
newly validated variants could significantly improve prediction outcomes, especially when
working with degraded or limited DNA samples where maximizing the information from
each locus is crucial. Validating and adapting these new markers for use in mini-amplicon
assays could be a key step forward in applying iris prediction to challenging forensic
samples [47].

Additionally, high-sensitivity genotyping platforms, including MassARRAY (MALDI-
TOF mass spectrometry for multiplex SNP genotyping), NGS/MPS (parallel sequencing of
multiple loci), and real-time PCR (using allele-specific probes or high-resolution melting
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analysis), have enhanced the precision and robustness of SNP detection [51,67]. Replicate
testing and consensus genotyping further mitigate random amplification errors by allowing
analysts to identify consistent results across multiple runs. Moreover, the integration
of probabilistic models into prediction tools enables the communication of uncertainty
levels, helping to avoid overinterpretation of marginal or ambiguous profiles. Enforcing
strict quality control thresholds, such as minimum allele calling criteria and prediction
probability cutoffs (e.g., >0.7), also ensures that only high-confidence phenotype predictions
are reported. Nevertheless, certain limitations remain. Intermediate eye colors, for instance,
continue to be difficult to predict accurately due to their polygenic inheritance patterns and
relatively low heritability. Furthermore, variations in allele frequencies across populations
can influence prediction outcomes, highlighting the necessity of validating predictive
models in diverse genetic backgrounds to ensure their broader applicability and forensic
reliability [68].

While eye color is generally considered a low-risk trait in terms of privacy, its use
in FDP must adhere to ethical standards and legal frameworks. Misinterpretation of
probabilistic predictions, especially in cases with low confidence or ambiguous results,
can lead to investigational bias. Therefore, careful communication of FDP findings to law
enforcement is crucial to avoid wrongful suspicion [11,69].

3.2. Hair Color Prediction from Biological Traces

When biological traces are collected, forensic experts apply extraction protocols de-
signed to preserve DNA quality even from degraded or low template samples [70]. Fol-
lowing DNA isolation and quantification, molecular techniques are used to identify SNPs
associated with hair pigmentation [71].

Specific DNA regions are involved in the production, distribution, and degradation
of melanin, the pigment primarily responsible for hair, eye, and skin coloration [56]. Hair
color is determined by the type and quantity of melanin in the hair shaft: eumelanin
(black/brown pigment) and pheomelanin (red/yellow pigment). The balance between
these two types of melanin, regulated by a network of genes and genetic variants, gives rise
to the wide spectrum of human hair colors, from black and brown to blond and red [72].

Hair color is a complex trait shaped by the combined influence of many genes and
their interactions, each contributing in different ways to the final pigmentation pheno-
type. Among these, MC1R (Melanocortin 1 Receptor) plays a particularly prominent role.
Variants in this gene are closely linked to red hair, as MC1R controls the switch between
the production of eumelanin (dark pigment) and pheomelanin (red/yellow pigment).
When MC1R function is disrupted by specific genetic variants, the balance shifts toward
pheomelanin, leading to the characteristic red or auburn hair tones [73–75].

Other genes also contribute significantly to hair color diversity. HERC2 and OCA2,
which are more widely recognized for their role in determining eye color, also influence
melanin synthesis in the hair, particularly affecting the variations observed in blond and
brown shades [48].

Genes such as SLC24A4, SLC45A2, and TYR further support the pigmentation process
by regulating melanosome function and the activity of tyrosinase, an enzyme critical for
melanin biosynthesis. Variants in these genes are commonly associated with lighter hair
tones [76].

Lastly, IRF4 has emerged as another important contributor. This gene influences pig-
mentation through its regulatory functions in melanocyte biology. Not only is it associated
with lighter hair colors, but it is also implicated in age-related changes in pigmentation,
such as the gradual transition to gray hair [77].
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The HIrisPlex system, developed as an extension of the earlier IrisPlex model for eye
color prediction, integrates both eye and hair color SNPs into a single assay. As summarized
in Table 2, the system uses 24 SNPs across multiple pigmentation genes [56].

Table 2. This table summarizes twenty-four SNPs located on various chromosomes, each associated
with genes involved in eye and hair color prediction.

SNP ID Gene Chromosome Position Reference Genome

rs312262906
(rs796296176) MC1R 16 89919342 GRCh38.p7

38.3/149

rs11547464 MC1R 16 89919683 GRCh38 38.1/141

rs885479 MC1R 16 89919746 GRCh38 38.1/141

rs1805008 MC1R 16 89919736 GRCh38 38.1/141

rs1805005 MC1R 16 89919436 GRCh38 38.1/141

rs1805006 MC1R 16 89919510 GRCh38 38.1/141

rs1805007 MC1R 16 89919709 GRCh38 38.1/141

rs1805009 TUBB3 16 89920138 GRCh38 38.1/141

rs201326893 MC1R 16 89919714 GRCh38 38.1/141

rs2228479 MC1R 16 89919532 GRCh38 38.1/141

rs1110400 MC1R 16 89919722 GRCh38 38.1/141

rs28777 SLC45A2 5 33958854 GRCh38 38.1/141

rs16891982 SLC45A2 5 33951588 GRCh38 38.1/141

rs12821256 KITLG 12 88934558 GRCh38 38.1/141

rs4959270 LOC105374875 6 457748 GRCh37.p5
37.3/135

rs12203592 IRF4 6 396321 GRCh37 37.1/131

rs1042602 TYR 11 89178528 GRCh38 38.1/141

rs1800407 OCA2 15 27985172 GRCh38 38.1/142

rs2402130 SLC24A4 14 92334859 GRCh38 38.1/141

rs12913832 HERC2 15 28120472 GRCh38 38.1/141

rs2378249 PIGU 20 34630286 GRCh38.p7
38.3/151

rs12896399 LOC105370627 14 92307319 GRCh38 38.1/141

rs1393350 TYR 11 89277878 GRCh38 38.1/141

rs683 TYRP1 9 12709305 GRCh38 38.1/141

The model outputs probability for each color, allowing forensic experts to assess the
likely hair color of the DNA donor. A prediction is usually accepted when one color
category exceeds a predefined probability threshold (e.g., >70%). For example, a sample
yielding 0.82 probability for brown, 0.10 for black, 0.06 for blond, and 0.02 for red would
result in a brown hair color prediction [78].

The predictive accuracy of hair color varies by color category and population group.
For example, red hair can be predicted with over 80–90% accuracy, primarily due to the
strong effect of MC1R variants [79]. Blond and brown hair predictions are also relatively
reliable (75–85%) but may show variation across different ethnic backgrounds. Black hair,
being the most common worldwide, is typically predicted with high sensitivity but may
have slightly lower specificity due to overlapping SNP effects [80].
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Prediction models have been validated in European populations, where hair color
diversity is greatest. However, performance in non-European populations can differ due
to allele frequency differences and additional contributing variants. Ongoing research
continues to expand databases and improve prediction accuracy across ancestrally diverse
groups [81].

The utility of hair color prediction from biological traces hinges on the ability to
generate accurate genotypes from compromised samples [82].

In cases involving severely degraded DNA, MPS-based typing offers advantages by
enabling parallel analysis of multiple short DNA fragments and improving coverage at key
SNP sites [67,83,84]. Still, probabilistic interpretation remains essential, particularly when
prediction confidence falls below threshold values [82].

Although hair color is a relatively non-sensitive trait in forensic terms, the use of
predictive models still raises questions about genetic privacy, the potential for profiling,
and public trust. Moreover, probabilistic results should be presented with appropriate
caveats, particularly when based on partial or degraded DNA samples [83].

3.3. Skin Pigmentation Prediction in Forensic Science from Biological Traces

The HIrisPlex-S model further incorporates skin color prediction and uses a total of
41 SNPs (Table 3), enabling a broader EVC profile from a single DNA sample. This compre-
hensive approach improves the informative value of FDP in real-world investigations [84].

Table 3. This table summarizes forty-one SNPs located on various chromosomes, each associated
with genes involved in eye and hair color prediction.

SNP ID Gene Chromosome Position Reference Genome

rs312262906
(rs796296176) MC1R 16 89919342 GRCh38.p7

38.3/149

rs11547464 MC1R 16 89919683 GRCh38 38.1/141

rs885479 MC1R 16 89919746 GRCh38 38.1/141

rs1805008 MC1R 16 89919736 GRCh38 38.1/141

rs1805005 MC1R 16 89919436 GRCh38 38.1/141

rs1805006 MC1R 16 89919510 GRCh38 38.1/141

rs1805007 MC1R 16 89919709 GRCh38 38.1/141

rs1805009 TUBB3 16 89920138 GRCh38 38.1/141

rs201326893 MC1R 16 89919714 GRCh38 38.1/141

rs2228479 MC1R 16 89919532 GRCh38 38.1/141

rs1110400 MC1R 16 89919722 GRCh38 38.1/141

rs28777 SLC45A2 5 33958854 GRCh38 38.1/141

rs16891982 SLC45A2 5 33951588 GRCh38 38.1/141

rs12821256 KITLG 12 88934558 GRCh38 38.1/141

rs4959270 LOC105374875 6 457748 GRCh37.p5
37.3/135

rs12203592 IRF4 6 396321 GRCh37 37.1/131

rs1042602 TYR 11 89178528 GRCh38 38.1/141

rs1800407 OCA2 15 27985172 GRCh38 38.1/142

rs2402130 SLC24A4 14 92334859 GRCh38 38.1/141
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Table 3. Cont.

SNP ID Gene Chromosome Position Reference Genome

rs12913832 HERC2 15 28120472 GRCh38 38.1/141

rs2378249 PIGU 20 34630286 GRCh38.p7
38.3/151

rs12896399 LOC105370627 14 92307319 GRCh38 38.1/141

rs1393350 TYR 11 89277878 GRCh38 38.1/141

rs683 TYRP1 9 12709305 GRCh38 38.1/141

rs3114908 ANKRD11 16 89317317 GRCh38.p14

rs1800414 OCA2 15 27951891 GRCh38 38.1/141

rs10756819 BNC2 9 16858086 GRCh38 38.1/141

rs2238289 HERC2 15 28208069 GRCh38 38.1/141

rs17128291 SLC24A4 14 92416482 GRCh38.p14

rs6497292 HERC2 15 28251049 GRCh38.p14

rs1129038 HERC2 15 28111713 GRCh38 38.1/141

rs1667394 HERC2 15 28285036 GRCh38 38.1/141

rs1126809 TYR 11 89284793 GRCh38 38.1/141

rs1470608 OCA2 15 28042975 GRCh38.p14

rs1426654 SLC24A5 15 48134287 GRCh38 38.1/141

rs6119471 ASIP 20 34197406 GRCh38.p14

rs1545397 OCA2 15 27942626 GRCh38.p14

rs6059655 RALY 20 34077942 GRCh38.p7
38.3/151

rs12441727 OCA2 15 28026629 GRCh38.p14

rs3212355 MC1R 16 89917970 GRCh38.p14

rs8051733 DEF8 16 89957798 GRCh38.p14

While the SNP tables provide a comprehensive overview of markers used in FDP,
performance varies significantly across panels and traits, especially under degraded-DNA
conditions. The HIrisPlex-S system, which integrates eye, hair, and skin color prediction,
has demonstrated robust performance in forensic contexts, including aged bone samples,
ref. [59] with successful recovery of pigmentation profiles in over 55% of cases [9]. How-
ever, certain SNPs associated with skin tone (e.g., rs1426654 in SLC24A5 and rs12913832
in HERC2) show reduced amplification success in highly degraded samples, leading to
underperformance in intermediate pigmentation categories. VISAGE panels, designed for
massively parallel sequencing, offer improved sensitivity and multiplexing, enabling better
SNP recovery from LT-DNA and degraded skeletal remains. Inter-laboratory validation
studies [59] confirm that VISAGE achieves higher reproducibility and lower dropout rates
compared to HIrisPlex-S, particularly for skin color and ancestry inference. Nonetheless,
both panels exhibit population-specific limitations: predictive accuracy is highest in Euro-
pean cohorts and declines in admixed populations, underscoring the need for inclusive
reference datasets and ongoing calibration.

Skin pigmentation prediction from biological traces is an emerging and powerful
facet of FDP, allowing forensic scientists to infer EVCs of unknown individuals when
conventional identification techniques are unfeasible. Alongside eye and hair color, skin
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pigmentation provides essential descriptive features that can generate investigative leads
from DNA alone. This is particularly relevant in cases involving unknown perpetrators,
unidentified human remains, or degraded biological evidence [85].

Biological traces recovered from crime scenes can contain sufficient nuclear DNA to
permit genotyping, and in such cases, the typing of SNPs associated with pigmentation
traits [44]. Human skin color is primarily determined by the quantity and type of melanin
produced by melanocytes in the basal layer of the epidermis. The density, distribution,
and synthesis of melanin granules, regulated by a network of pigmentation genes, are key
factors in determining skin tone [86]. These processes are influenced by several genes that
affect melanosome formation, melanocyte biology, and melanin biosynthesis pathways [87].
Numerous genes have been associated with variations in skin pigmentation, many of
which have been included in forensic prediction panels. Furthermore, skin color is a
continuous trait influenced by both genetic and environmental factors (i.e., sun exposure,
tanning behavior, and age can affect observed skin tone) [88]. Its prediction from DNA is
complex due to its polygenic nature, wide variation across populations, and the influence
of evolutionary history. Despite this, robust predictive models have been developed,
especially those designed to distinguish between broad pigmentation categories (light,
intermediate, dark) across major global ancestries [89]. This classification system simplifies
the continuous nature of skin tone into practical categories for forensic investigation.
The model utilizes logistic regression trained on a large reference dataset that includes
individuals from diverse ancestral backgrounds [90].

In validation studies, HIrisPlex-S demonstrated high accuracy, particularly in pre-
dicting light and dark pigmentation. Intermediate skin tones are more challenging due
to greater phenotypic and genetic diversity and less clear boundaries between categories.
The prediction accuracy is also influenced by the genetic background of the individual: for
example, predictions are more reliable in populations of European or sub-Saharan African
descent, and less so in admixed or South Asian populations [81].

The prediction of skin color from LT-DNA is a promising yet complex frontier in foren-
sic genetics. LT-DNA samples are inherently prone to degradation and contamination [70].
These factors can compromise the integrity of genetic markers, particularly SNPs used in
pigmentation prediction models such as HIrisPlex-S. Indeed, LT-DNA samples frequently
result in incomplete genetic profiles, which limits the number of informative SNPs available
for analysis. This can hinder the statistical confidence of phenotype predictions, especially
in individuals with intermediate or admixed ancestry, where subtle genetic variations
play a significant role in pigmentation. Advanced probabilistic models and imputation
techniques are being developed to address these limitations, but their effectiveness remains
contingent on the quality and completeness of the input DNA [9].

Despite these challenges, LT-DNA-based skin color prediction remains a valuable tool
in forensic investigations. When used responsibly, it can provide critical leads in otherwise
unsolvable cases, offering a glimpse into the physical appearance of unknown individuals
and narrowing suspect pools in a scientifically grounded manner.

3.4. Freckles and Sun Sensitivity Prediction in Forensic Science from Biological Traces

Among the suite of the prediction of EVCs from biological traces, freckles and sun
sensitivity may seem minor at first glance, but they can contribute meaningfully to the
construction of a biogeographic and phenotypic profile of an unknown individual [91].
Freckles (ephelides) are small, pigmented macules that typically appear on sun-exposed
areas of fair skin. Sun sensitivity refers to a person’s susceptibility to burning rather
than tanning upon UV exposure, typically resulting from lower eumelanin levels and
higher pheomelanin content [86]. These traits, rooted in pigmentation biology, are closely
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associated with genes involved in melanin synthesis and regulation, particularly the MC1R
gene, located on chromosome 16 [92]. Several common MC1R variants (e.g., R151C, R160W,
D294H) are collectively referred to as “R alleles” and are associated with the red hair
color (RHC) phenotype, but also contribute independently to freckling and UV sensitivity,
even in individuals without red hair [93]. Other genes, such as ASIP, TYR, and IRF4, may
modulate freckling and pigmentation patterns, although their effects are smaller and often
population-specific [94].

With appropriate genetic analysis, forensic scientists can derive probabilistic predic-
tions about whether an individual is likely to have freckled skin and/or increased sensitivity
to sunlight. The relative SNPs are included in comprehensive forensic phenotyping tools
such as HIrisPlex-S [85]. These models use multinomial logistic regression or ML classifiers
trained on large, multi-ethnic datasets [51,95]. For freckles, individuals are categorized as
likely or unlikely to have them based on the presence of specific MC1R variants and other
associated SNPs [3,96–99]. For sun sensitivity, prediction involves assessing genetic profiles
associated with reduced melanin production and increased burn tendency (high likelihood
of sunburn with minimal tanning, moderate sensitivity, low sensitivity/likely to tan) [100].

Prediction accuracy for freckles and sun sensitivity is generally good when the relevant
SNPs are reliably genotyped, and the individual belongs to a well-represented population
in the model’s training data (typically of European ancestry) [51]. For instance, freckle
prediction can reach accuracies above 75–80%, particularly when individuals carry two or
more non-functional MC1R alleles. Sun sensitivity prediction is somewhat more variable
due to the continuous nature of the phenotype and its interaction with environmental
factors (e.g., lifetime sun exposure, behavior, geography) [101].

However, there are several limitations: -polygenic complexity: many small-effect genes
and gene-environment interactions contribute to these traits; -environmental influence:
freckling can be influenced by UV exposure history, making it a dynamic, rather than
strictly genetically determined, trait; -population bias: predictive models perform best in
individuals of European ancestry, where pigmentation variation is highest and best studied;
accuracy drops in admixed or underrepresented populations; -LT-DNA [100].

3.5. Facial Morphology Prediction in Forensic Science from Biological Traces

In the field of FDP, the prediction of facial morphology, the shape and structure of
the human face, represents a frontier with considerable scientific promise and complex
challenges [102]. While traits like eye, hair, and skin color have reached relatively high
predictive reliability, facial morphology prediction is more intricate due to the polygenic
and multifactorial nature of facial features. However, recent advances in genomics, 3D
facial imaging, and ML models are progressively transforming facial prediction from a
speculative vision into an emerging forensic tool. The ability to reconstruct aspects of
a person’s facial structure from biological traces such as blood, saliva, or touch DNA
could significantly support investigations, particularly when no biometric or documentary
information is available [102,103].

Facial morphology is a highly heritable trait governed by the interaction of hun-
dreds of genes and regulatory elements. GWAS have identified dozens of loci associated
with specific facial traits, including: facial width and height, nasal bridge length and tip
projection, lip thickness, chin prominence, brow ridge shape, mandibular and maxillary
dimensions [6,104].

Key genes such as PAX3, EDAR, DCHS2, RUNX2, and PRDM16 have been linked to
facial development, often through their role in craniofacial growth, tissue differentiation,
and skeletal patterning. Variants in these genes influence the position and projection of
facial landmarks that define individual appearance. Notably, the expression of these traits
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is further modulated by age, sex, ancestry, and environmental influences (e.g., nutrition,
trauma), which makes prediction from DNA alone inherently probabilistic [105,106].

In addition to genotyping, the ancestry and sex of the donor are determined, as both
play pivotal roles in shaping facial morphology. Ancestry informs baseline structural
patterns common in different populations (e.g., nasal breadth, cheekbone prominence),
while sex influences sexually dimorphic traits such as jaw angle and brow thickness [107].

To transform genetic data into facial predictions, researchers apply ML techniques
trained on large databases of paired genotype and 3D facial imaging data. These datasets
often consist of thousands of individuals with detailed facial scans and genome-wide SNP
data. Key modeling approaches include partial least squares regression (PLSR) to link
SNPs to principal components of facial variation; convolutional neural networks (CNNs)
to analyze facial geometry from genetic and demographic inputs; deep generative models
(e.g., variational autoencoders or GANs) to create realistic 3D face renderings from DNA
data [108].

Recent examples include the FaceBase project, VisiGen, and research from the Penn
State Forensic Anthropology Lab, which has shown that genetic data can explain 10–20%
of the variance in certain facial traits, modest but meaningful progress toward practical
forensic use [109,110]. Despite promising advances, current models explain only a modest
proportion of facial trait variance, typically between 10–20%, with substantial limitations in
predicting features influenced by environmental and developmental factors. Traits such as
facial asymmetry, age-related changes, and expression dynamics remain poorly captured
by genotype-based models. This modest predictive power underscores that current models
are research-grade and unsuitable for operational forensic deployment.

The predictive power of facial trait modeling is strongest when combined with known
ancestry, sex, and age estimates, particularly in young adults, whose facial structures are
relatively stable. Nonetheless, these models often lack precision at the individual level
and are more effective at generating composite depictions or narrowing demographic
search pools than at identifying exact facial characteristics. Reproducibility remains a
major challenge in facial morphology prediction. Variability in imaging techniques, SNP
panels, and population structure can lead to inconsistent results across studies. Moreover,
the lack of standardized validation protocols and limited availability of forensic-grade
datasets restrict the generalizability of current models. According to recent publications,
the highest predictability is observed for traits such as nose width, facial width, intercanthal
distance (the distance between the eyes), and lip thickness. Moderate predictability applies
to features like brow ridge prominence, chin shape, and nasal tip projection. In contrast,
traits such as facial asymmetry, expression-related features, and age-related morphological
changes exhibit low predictability [46,111].

In forensic contexts, these predictions are used as investigative leads rather than as
confirmatory evidence. Reproducibility remains limited due to variability in imaging
protocols, SNP panels, and population structure. Most data sets are European-biased,
reducing generalizability and increasing misclassification risk in admixed populations.
Future efforts should focus on expanding training datasets to include diverse popula-
tions, integrating multi-omics data to capture non-genetic influences, and establishing
standardized pipelines for model development and validation to enhance reproducibility
and forensic reliability. For example, in cold cases, a predicted facial image may be released
to the public to generate tips. In mass disaster scenarios, facial predictions can assist in
identifying unknown victims when traditional methods, such as fingerprinting or dental
records, are unavailable. Similarly, in cases involving unidentified remains, predicted facial
features can complement skeletal reconstructions and ancestry estimations, enhancing the
overall identification process.
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Facial prediction from LT-DNA represents a cutting-edge intersection of forensic genet-
ics and computational modeling. Facial predictions derived from LT-DNA are probabilistic
rather than definitive and are best used to generate investigative leads rather than serve
as conclusive evidence [3,102]. Indeed, despite promising advances, current models ex-
plain only 10–20% of variance in facial traits, which is insufficient for individual-level
reconstruction. These outputs remain research-grade and are not forensically deployable.
Reproducibility is constrained by differences in imaging protocols, SNP panels, and popula-
tion structure. Beyond technical limitations, predicting facial morphology raises significant
ethical concerns. Unlike eye, hair, and skin color, facial features are closely linked to
ancestry and identity, making them particularly sensitive. Generated facial composites
risk being misinterpreted as accurate likenesses, potentially leading to investigational bias
or discrimination. These challenges underscore the need for transparent communication
of uncertainty, strict governance, and clear disclaimers when using such predictions as
investigative leads rather than confirmatory evidence.

3.6. Age Prediction in Forensic Science Based on Biological Traces

Estimating chronological age from biological traces has become a valuable forensic
tool, particularly when conventional identifiers are unavailable [112]. Unlike skeletal assess-
ments, molecular approaches rely on biomarkers that change predictably over time [113].
Among these, DNA methylation at specific CpG sites is the most reliable indicator of age,
outperforming earlier methods based on telomere length or mtDNA mutations, which
showed high variability and limited forensic utility [114–116].

Epigenetic clocks exploit methylation changes at selected loci to predict age with high
accuracy. Forensic models prioritize simplicity and robustness for degraded or LT-DNA. A
widely used approach by Bekaert et al. employs four CpG sites in genes such as ELOVL2,
FHL2, KLF14, and TRIM59, achieving mean absolute deviations of about 3–4 years in blood
samples. ELOVL2 is particularly informative due to its consistent methylation increase
across tissues, including blood, saliva, and buccal cells [117]. The VISAGE Consortium has
further advanced this field by creating multiplex assays compatible with NGS, enabling
sensitive and robust age estimation from trace DNA. ELOVL2, in particular, has emerged as
a key biomarker due to its consistent methylation increase with age across multiple tissue
types, including blood, saliva, and buccal cells [118].

One of the strengths of DNA methylation-based age prediction is its applicability
across various forensic sample types [119]. Blood and saliva are most commonly used
due to their higher DNA yield and stable methylation profiles. Semen requires tissue-
specific models, as methylation patterns vary significantly between tissues. Touch DNA,
derived from epithelial cells, presents greater challenges due to low DNA quantities, but
ongoing research is improving its feasibility. Even skeletal remains can be analyzed for
methylation-based age estimation, offering valuable insights in cold cases or mass grave
investigations [112,120].

In forensic casework, age prediction serves multiple roles. It can assist in suspect
profiling when no known individual is linked to the biological evidence, providing an
estimated age range to guide investigations. In victim identification, especially in cases
involving unidentified remains, age estimates help correlate findings with missing persons
databases. Additionally, age prediction is sometimes used in legal and immigration contexts
to determine whether individuals are minors, although this application remains ethically
and legally contentious [121,122].

Technological platforms for methylation analysis include pyrosequencing, quantita-
tive PCR, and NGS. Pyrosequencing remains popular for targeted assays because of its
cost-effectiveness and compatibility with forensic workflows, while NGS offers higher sen-

https://doi.org/10.3390/genes1701005962



Genes 2026, 17, 59

sitivity and multiplexing for degraded samples. Recent VISAGE Consortium developments
integrate methylation-based age estimation into multiplex panels, enabling simultaneous
prediction of age and other traits from trace DNA [123,124].

Despite these advances, LT-DNA poses challenges such as allelic dropout and in-
complete methylation profiles, which can reduce accuracy [125]. Optimized assays using
short amplicons, replicate testing, and probabilistic models help mitigate these issues [126].
When combined with strict quality control and robust statistical frameworks, methylation-
based age prediction provides actionable investigative leads, even from compromised
samples [127].

3.7. Ancestry Prediction in Forensic Science from Biological Traces

Ancestry prediction from biological traces has become a powerful tool in forensic
science, offering critical insights into the biogeographical origins of unknown individuals
when traditional identification methods are unavailable [128]. This approach is particularly
valuable in criminal investigations, mass disasters, and the identification of unidentified
remains, where DNA evidence may be the only clue. Unlike cultural or self-reported
ethnicity, forensic ancestry inference relies on genetic markers that reflect population-level
differences shaped by evolutionary history, migration, and genetic drift. These markers,
primarily SNPs, are distributed across the genome and exhibit frequency patterns that vary
among continental and subcontinental populations [129].

The foundation of ancestry prediction lies in the analysis of ancestry-informative
markers (AIMs), SNPs selected for their high allele frequency differences between popu-
lations. Panels such as the SNPforID 34-plex or others, such as the Precision ID Ancestry
Panel, include hundreds of AIMs optimized for forensic use. These panels can distinguish
major continental ancestries (e.g., African, European, East Asian, Native American, South
Asian) and, in some cases, provide finer resolution within regions [130,131]. The VISAGE
Consortium has developed advanced multiplex assays compatible with MPS, enabling
ancestry inference from degraded or LT-DNA samples commonly encountered in forensic
contexts [59,132].

Despite the promise of ancestry prediction, several challenges must be addressed, par-
ticularly when working with LT-DNA. However, recent advances in sequencing sensitivity
and bioinformatic tools have improved the robustness of ancestry inference from trace
samples. Probabilistic models and ML algorithms can now integrate partial genotypes and
assign ancestry with high confidence, even from compromised DNA [90,133].

In forensic casework, ancestry prediction serves multiple purposes. It can help narrow
suspect pools by providing investigators with information about the likely population
background of an unknown individual. In missing persons cases, ancestry estimates can
guide comparisons with databases and assist in facial reconstruction efforts. In mass disas-
ter scenarios, ancestry inference can support victim identification when other biological
or contextual information is lacking. Importantly, ancestry prediction is not intended to
identify individuals directly but to provide investigative leads that complement other
forensic evidence [134].

The accuracy of ancestry prediction depends on several factors, including the num-
ber and informativeness of SNPs used, the diversity of reference populations, and the
complexity of individual genetic backgrounds. Admixed individuals, those with ancestry
from multiple populations, pose particular challenges, as their genetic profiles may not
align neatly with reference categories. To address this, modern forensic tools incorporate
admixture analysis and ancestry deconvolution, estimating proportional ancestry contribu-
tions from different populations. These methods enhance the interpretability of results and
reduce the risk of misclassification [135].
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As forensic genomics continues to evolve, ancestry prediction from biological traces,
especially LT-DNA, will play an increasingly important role in investigative workflows.
With ongoing improvements in marker panels, sequencing technologies, and computational
methods, the ability to infer ancestry from even the most challenging samples is becoming
more accurate and accessible, offering valuable insights in the pursuit of justice.

4. Integrating ML with LT-DNA in FDP

The integration of ML into FDP represents a transformative advancement in the ability
to predict EVCs from genetic material, particularly in challenging cases involving LT-DNA.
LT-DNA samples, often recovered from trace biological material such as touch DNA or
degraded remains, contain minimal quantities of DNA and are prone to allelic dropout,
contamination, and stochastic effects. These limitations pose significant challenges for
traditional statistical models, which often rely on complete and high-quality genotypic
data. ML, with its capacity to handle high-dimensional, noisy, and incomplete datasets,
offers a powerful solution for enhancing phenotype prediction from LT-DNA [95,136]. It is
important to clarify that we define ML as a class of algorithms capable of learning complex,
often non-linear relationships from data without relying on pre-specified parametric forms.
Examples include Random Forests, Support Vector Machines, Gradient Boosting, and deep
neural networks. In contrast, traditional statistical models, such as logistic regression,
assume a fixed functional form and are widely used in operational FDP systems (e.g.,
IrisPlex, HIrisPlex-S, VISAGE). While logistic regression is sometimes grouped under
supervised learning, it is not considered ML in the contemporary sense of high-dimensional,
non-linear modeling.

4.1. Common ML Algorithms and Their Forensic Applications

ML models are particularly well-suited to forensic genomics due to several key factors:
the high dimensionality of genomic data, the complex and non-linear relationships between
SNPs and phenotypic traits, and the need to integrate diverse data types, including geno-
type, gene expression, and epigenetic modifications such as DNA methylation. Commonly
used ML algorithms in FDP include Random Forests (RFs), which are valued for their
robustness and interpretability; Support Vector Machines (SVMs), which perform well with
small sample sizes and high-dimensional data; Gradient Boosting Machines (GBMs), which
often outperform RFs in accuracy; and deep learning models such as neural networks
(NNs), which are capable of modeling intricate genotype–phenotype relationships. Simple
models like k-nearest neighbors (KNN) can also be effective in small datasets, particularly
when combined with feature selection techniques [137,138]. Recent comparative studies
provide quantitative evidence of ML performance in FDP. Katsara et al. [95] evaluated
RFs, SVMs, and GBMs for eye color prediction using HIrisPlex SNPs in 1200 individuals.
RF achieved an AUC of 0.93 for blue/brown classification, outperforming SVMs (AUC =
0.91) and logistic regression (AUC = 0.89) under 10-fold cross-validation. For skin color
prediction, Zaorska et al. [91] applied neural networks to a Polish cohort (n = 800), report-
ing precision = 0.82 and recall = 0.79 for light pigmentation, compared to RF precision =
0.78 and recall = 0.75. VISAGE validation studies further demonstrated that ML-based
genotype imputation improved SNP recovery from LT-DNA samples by 12–15%, enabling
phenotype prediction from partial profiles. These findings underscore the advantage of
ML in handling incomplete and noisy data, particularly in LT-DNA contexts (Table 4).

https://doi.org/10.3390/genes1701005964



Genes 2026, 17, 59

Table 4. Performance of ML algorithms for FDP traits across datasets.

Trait Algorithm Dataset AUC Precision Recall Reference

Eye color Random
Forest

HIrisPlex
SNPs 0.93 0.90 0.88 [95]

Eye color SVM HIrisPlex
SNPs 0.91 0.88 0.86 [95]

Skin color Neural
Network Polish cohort --- (*) 0.82 0.79 [91]

Skin color Random
Forest Polish cohort --- (*) 0.78 0.75 [91]

* AUC not reported for skin color in Zaorska et al. [91].

While deep learning models achieved slightly higher accuracy for complex traits,
their lack of interpretability raises concerns for forensic admissibility, making RF and SVM
preferred in operational contexts.

A critical challenge in applying ML to FDP is data imbalance and overfitting. Most
training datasets, such as HIrisPlex and VISAGE, are predominantly composed of individ-
uals of European ancestry, which can bias predictions and reduce accuracy in admixed or
underrepresented populations [95,139]. Overfitting occurs when models capture noise or
population-specific patterns rather than generalizable features, leading to poor performance
on forensic casework samples.

To mitigate imbalance and overfitting, strategies such as feature selection (e.g., LASSO,
recursive feature elimination) and regularization techniques (ridge regression, dropout
layers in neural networks) are employed. These approaches improve generalization and
reduce variance when working with high-dimensional genomic data.

These approaches collectively enhance robustness when working with LT-DNA, where
incomplete and noisy profiles are common. However, further research is needed to validate
these methods across diverse populations and forensic-grade datasets.

To provide a concise overview, Table 5 summarizes commonly used ML algorithms
in FDP, their input data types, dataset sizes, predicted traits, and reported performance
metrics. These results highlight that Random Forest and Gradient Boosting consistently
achieve high AUC values for eye color prediction, while neural networks show promise
for complex traits such as skin pigmentation. Deep learning approaches applied to facial
morphology explain only a modest proportion of variance (10–20%), underscoring the need
for larger and more diverse training datasets. For age estimation, regularized regression
models using methylation data achieve mean absolute deviations of approximately 3–4
years, demonstrating their forensic utility.

Table 5. Summary of ML algorithms applied in FDP: input type, dataset size, accuracy, and key
references.

Algorithm Input Type Dataset Size
Trait(s)
Predicted

Reported Accuracy
(AUC/Precision/Recall)

Reference

Random Forest SNP array
(HIrisPlex) ~1200 individuals Eye color

(blue/brown)

AUC = 0.93;
Precision = 0.90;
Recall = 0.88

[95]

SVM SNP array
(HIrisPlex) ~1200 individuals Eye color

AUC = 0.91;
Precision = 0.88;
Recall = 0.86

[95]
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Table 5. Cont.

Algorithm Input Type Dataset Size
Trait(s)
Predicted

Reported Accuracy
(AUC/Precision/Recall)

Reference

Neural Network SNP array ~800 individuals Skin color Precision = 0.82;
Recall = 0.79 [91]

Gradient
Boosting SNP array ~1200 individuals Eye color AUC = 0.92 [95]

Deep Learning
(CNN)

SNP + 3D facial
scans ~3000 individuals Facial

morphology
Explains 10–20%
variance in facial traits [7]

Elastic Net DNA methylation
(CpG sites) ~500 individuals Age

estimation MAD ≈ 3.5 years [117]

Accuracy metrics vary by population and validation method; most studies used cross-validation. IrisPlex and
HIrisPlex-S use logistic regression, not ML in the contemporary sense.

4.2. Logistic Regression vs. Random Forest vs. Deep Learning in FDP: Accuracy, Data
Require-Ments, and Admissibility

Operational FDP panels such as IrisPlex, HIrisPlex-S, and VISAGE rely on multinomial
logistic regression because of its interpretability, stability under limited SNP sets, and
extensive forensic validation. In contrast, RF, SVM, GBM, and deep learning architectures
(CNNs, GANs) are increasingly explored in research for modeling complex, non-linear
genotype–phenotype relationships and integrating diverse data types, but they remain
largely experimental in operational pipelines.

Comparative evidence suggests that ML models can offer incremental accuracy gains
under controlled conditions. For example, RF achieved AUC ≈ 0.93 for eye color pre-
diction, outperforming SVM (≈0.91) and logistic regression (≈0.89) in cross-validation
on HIrisPlex SNPs [95]. Neural networks reported precision ≈ 0.82 and recall ≈ 0.79 for
skin color in a Polish cohort, slightly higher than RF (precision ≈ 0.78, recall ≈ 0.75) [91].
However, these improvements often diminish in LT-DNA casework due to allelic dropout
and incomplete profiles. Facial morphology pre-diction remains particularly challenging,
with deep learning explaining only 10–20% of variance in research cohorts [7,109–111],
insufficient for individual-level reconstruction.

Modeling assumptions differ markedly. Logistic regression assumes a fixed parametric
form and works well with modest sample sizes, making it straightforward to validate. RF,
SVM, and GBM capture non-linear interactions and tolerate incomplete data but require
larger, diverse datasets and careful regularization to avoid overfitting [95]. Deep learning
demands thousands of samples and rich paired inputs (e.g., genotype and 3D facial scans),
otherwise risking spurious, population-specific signals [7,109–111].

Overfitting and population bias remain critical concerns. FDP training datasets are
often European-ancestry-heavy, which can skew predictions and reduce generalizability
in admixed populations [95,135]. Cross-validation alone is insufficient; external and inter-
laboratory validation on forensic-grade LT-DNA is essential [44,59]. Imputation of missing
SNPs using ML can improve completeness but must include uncertainty estimates, and
imputed calls should never be reported as hard genotypes [139–141].

Interpretability and admissibility are decisive for forensic use. Courts favor transpar-
ent methods with known error rates and peer-reviewed acceptance [14]. Logistic regression
meets these standards; RF and GBM can be partially explained using feature importance
and SHAP/LIME [136], but these tools are not yet standardized for legal contexts. Deep
learning poses greater interpretability challenges, limiting its current admissibility.
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Logistic regression remains the operational standard for FDP due to its interpretability
and validation history. ML approaches are promising for research but remain experi-
mental until broader validation, inclusive datasets, and courtroom-ready interpretability
are achieved.

4.3. Future Directions and Operational Readiness

One of the most critical applications of ML in LT-DNA analysis is genotype imputation.
Due to dropout events, many SNPs may be missing in LT-DNA samples. ML-based impu-
tation tools such as Beagle, IMPUTE2, and deep learning-based networks can reconstruct
missing genotypes with high accuracy, enabling more complete input data for phenotype
prediction. Additionally, ML models are inherently more tolerant of noise and missing data
than traditional approaches. Algorithms like RF and GBM can manage incomplete datasets
by focusing on the most informative loci, while feature selection methods such as LASSO
(Least Absolute Shrinkage and Selection Operator) and recursive feature elimination help
reduce dimensionality and improve model performance [140].

Another promising strategy is the use of synthetic data augmentation to enhance
model training. Techniques such as Synthetic Minority Oversampling Technique (SMOTE)
or Generative Adversarial Networks (GANs) can simulate plausible low-quality or rare-
case samples, thereby improving the generalizability of ML models to real-world forensic
scenarios. This is particularly valuable in FDP, where the availability of high-quality,
annotated training data is often limited [139,141].

The application of ML in FDP is already evident in tools like HIrisPlex and HIrisPlex-S,
which use logistic regression and probabilistic models to predict eye, hair, and skin color
from SNP panels. However, as FDP expands to include more complex traits such as fa-
cial morphology, freckles, sun sensitivity, and age estimation, ML becomes increasingly
indispensable. For example, deep learning models trained on large datasets of paired geno-
type and 3D facial imaging data have shown promise in predicting facial structure, while
epigenetic clocks based on DNA methylation patterns use regression models to estimate
chronological age with high accuracy, even from degraded or LT-DNA samples [95,142].

To ensure forensic reliability, ML models must be trained and validated on diverse,
well-annotated datasets such as the 1000 Genomes Project or the UK Biobank. Cross-
validation and external validation using real forensic case data are essential to assess model
robustness under practical constraints. Moreover, ethical considerations must guide the
deployment of ML in forensic contexts, particularly regarding privacy, consent, and the
communication of probabilistic predictions [143].

In summary, the integration of ML with LT-DNA analysis significantly enhances the
predictive power and applicability of FDP. By enabling accurate phenotype inference from
compromised samples, ML-driven FDP provides valuable investigative leads in cases
where traditional methods fall short, marking a new era in forensic science.

5. Ethical Frameworks, Limitations, and Future Directions in FDP
from LT-DNA

FDP has emerged as a powerful tool for predicting EVCs such as eye, hair, and skin
color, as well as ancestry and age, from biological traces (Figure 3). However, when applied
to LT-DNA samples, those containing minimal and often degraded genetic material, FDP
faces significant technical, ethical, and interpretive challenges [144]. LT-DNA is particularly
vulnerable to allelic dropout, contamination, and stochastic amplification errors, which can
compromise the accuracy and reliability of phenotype predictions. These limitations are
especially pronounced in complex traits like facial morphology, where prediction models
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rely on the integration of hundreds of genetic markers and are sensitive to even minor
genotyping errors [1,145].

Figure 3. Relative prediction accuracy of EVCs from DNA, ranked by trait complexity. Eye color
shows the highest accuracy (AUC > 0.9), followed by hair and skin color. Predictions for facial
morphology, freckles, and sun sensitivity are less reliable, especially from LT-DNA. (Created with
BioRender: www.biorender.com).

Prediction accuracy varies widely depending on the trait and the quality of the DNA.
Eye color prediction remains the most robust, with AUC values exceeding 0.9 in European
populations. Hair color and skin tone predictions are moderately accurate, while traits
such as facial structure, freckles, and sun sensitivity are more difficult to predict reliably,
particularly from LT-DNA. Moreover, most predictive models have been trained on in-
dividuals of European ancestry, limiting their applicability and accuracy in admixed or
underrepresented populations. This population bias can lead to skewed or misleading
results when applied in diverse forensic contexts [135] (Table 6).

Table 6. Comparative prediction accuracies for major traits across populations.

Trait Category Accuracy (%) Notes

Eye color Blue/Brown >90 High reliability in Europeans

Eye color Intermediate 70 Low sensitivity (1–2%)

Hair color Red 85–90 Strong MC1R effect

Hair color Blond/Brown 75–85 Moderate accuracy

Skin color Light/Dark 80–85 Reliable in Europeans/African
cohorts

Skin color Intermediate <70 Challenging, especially
in admixed

Ethical and legal concerns further complicate the use of FDP in LT-DNA scenarios.
Privacy remains a central issue, particularly under frameworks such as the EU General Data
Protection Regulation (GDPR), which classifies genetic data as a special category requiring
strict compliance with principles of lawfulness, purpose limitation, and data minimization.
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FDP applications in surveillance or public appeals raise heightened risks because they infer
sensitive personal traits—such as ancestry or appearance—from biological material without
consent. The secondary use of publicly available genomic data or biobank resources for
forensic purposes introduces additional ethical challenges, including unclear consent scope,
governance gaps, and potential erosion of public trust. Recent European debates on the
European Health Data Space and U.S. discussions around investigative genetic genealogy
highlight the tension between investigative utility and individual rights [69,146–148].

Algorithmic bias is another critical concern: ML models trained predominantly on
European datasets often underperform for admixed or underrepresented populations,
leading to inaccurate or misleading predictions. This bias can amplify inequities and
undermine the legitimacy of FDP in diverse forensic contexts. To mitigate these risks,
inclusive reference datasets, transparent validation across populations, and clear reporting
of limitations are essential [149,150].

Court admissibility standards further demand rigorous attention. Under frameworks
such as Daubert and Rule 702 in the U.S., and proportionality principles in Europe, FDP
evidence must demonstrate scientific validity, known error rates, and peer-reviewed ac-
ceptance. Uncertainty should be communicated explicitly through probabilistic outputs,
confidence intervals, and verbal scales, avoiding deterministic language that could mislead
investigators or courts. Failure to convey uncertainty risks investigational bias or wrongful
suspicion, particularly in high-stakes cases [14,151].

Finally, public perception and informed consent remain pivotal. Surveys and stake-
holder interviews in Europe and the U.S. reveal mixed attitudes toward FDP, with concerns
about genetic privacy, discrimination, and misuse. Transparent communication of capabili-
ties and limitations, coupled with robust governance and consent frameworks, is essential
to maintain trust and ensure that FDP serves justice without compromising fundamental
rights [152,153].

To address these concerns, ethical frameworks must evolve alongside technological
advancements. Clear guidelines are needed to govern the use of FDP, particularly in cases
involving LT-DNA, where the margin for error is higher. Transparency in reporting, includ-
ing the communication of prediction probabilities and confidence intervals, is essential to
prevent misuse or misinterpretation. Additionally, the development of inclusive models
trained in diverse populations is critical to ensuring fairness and accuracy across global
forensic applications [154].

To ensure that forensic FDP is applied responsibly and transparently, especially in
cases involving LT-DNA, it is essential to establish operational safeguards that address both
scientific limitations and ethical risks. To operationalize ethical safeguards, we propose
the following checklist outlines key considerations for the ethical deployment of FDP in
forensic investigations (Figure 4).

Looking ahead, several promising directions are emerging to enhance FDP from LT-
DNA. One key area is the integration of multi-omics data, combining genomics with tran-
scriptomics, epigenomics, and proteomics, to enable more dynamic and context-sensitive
predictions. For example, integrating DNA methylation profiles can improve age esti-
mation, while gene expression data may offer insights into lifestyle or environmental
exposures. Another advantage is the development of portable and rapid phenotyping plat-
forms, such as those based on Oxford Nanopore sequencing and edge-based ML inference,
which could allow on-site analysis of LT-DNA in real time [155,156].
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Figure 4. Ethical deployment checklist for FDP. Designed to assist forensic practitioners, legal profes-
sionals, and oversight bodies in evaluating scientific validity, privacy safeguards, and procedural
accountability of FDP-based predictions.

ML and artificial intelligence AI are also playing an increasingly significant role in
FDP. ML models can manage noisy, incomplete data and are well-suited to the imputation
of missing genotypes, a common issue in LT-DNA samples. Techniques such as SHAP
values and LIME are being explored to improve model interpretability, which is crucial for
courtroom credibility. Furthermore, synthetic data generation using generative adversarial
networks (GANs) may help augment training datasets, improving model robustness in
low-quality scenarios [157–159].

Ultimately, the future of FDP in LT-DNA contexts depends on balancing scientific
innovation with ethical responsibility. By addressing current limitations, enhancing model
inclusivity, and ensuring transparent communication, forensic science can harness the full
potential of DNA phenotyping while safeguarding individual rights and public trust.

6. Conclusions

The intersection of LT-DNA analysis and ML is poised to revolutionize FDP. While
ML approaches show promise for improving phenotype prediction from LT-DNA, most op-
erational systems currently rely on logistic regression, which remains the forensic standard
due to its interpretability and validation status. By enabling the prediction of EVCs from
minimal and often degraded biological material, this integration expands the investigative
potential of forensic science beyond traditional identity matching. ML models, with their
ability to manage high-dimensional, noisy, and incomplete data, are particularly well-suited
to the challenges posed by LT-DNA. They facilitate genotype imputation, enhance trait
prediction accuracy, and support probabilistic interpretation of complex phenotypes such
as facial morphology and age.

Despite these advances, significant limitations remain. Prediction accuracy varies by
trait and is often reduced in LT-DNA due to allelic dropout and partial genotyping. More-
over, the majority of current models are trained on European-ancestry datasets, limiting
their generalizability across diverse populations. Ethical concerns, including privacy, con-
sent, and the risk of overinterpreting probabilistic predictions, must be addressed through
robust legal and regulatory frameworks.

Looking ahead, the future of FDP in LT-DNA contexts lies in the integration of multi-
omics data, the development of portable and rapid sequencing technologies, and the
refinement of interpretable ML models. These innovations, coupled with efforts to diversify
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training datasets and standardize forensic protocols, will be essential for transitioning FDP
from experimental research to routine forensic practice.

To strengthen future research and operational readiness, we recommend the following
actions:

• Validation across diverse populations: Systematically validate ML-FDP models on
non-European and admixed cohorts to mitigate algorithmic bias and improve global
applicability.

• Integration of multi-omics data: Incorporate DNA methylation, transcriptomics, and
proteomics into predictive frameworks to enhance accuracy for complex traits such as
age and facial morphology.

• Portable sequencing workflows: Develop rapid, field-deployable FDP solutions using
portable sequencing platforms (e.g., Oxford Nanopore) combined with edge-based
ML inference for on-site analysis.

• Interpretability and transparency: Establish forensic ML interpretability standards
using explainable AI tools (e.g., SHAP, LIME) to ensure transparency, accountability,
and courtroom admissibility.

• Global collaboration: Promote international initiatives to create inclusive reference
datasets and harmonized validation protocols across laboratories, ensuring repro-
ducibility and fairness.

These steps will accelerate the transition of FDP from experimental research to opera-
tional forensic practice while safeguarding ethical and legal principles.
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Abbreviations

The following abbreviations are used in this manuscript:

FDP Forensic DNA Phenotyping
LT-DNA Low Template DNA
ML Machine Learning
EVC Externally Visible Characteristics
SNP Single Nucleotide Polymorphism
STR Short Tandem Repeat
GWAS Genome-Wide Association Studies
NGS Next-Generation Sequencing
MPS Massively Parallel Sequencing
WGS Whole-Genome Sequencing
PCR Polymerase Chain Reaction
RFU Relative Fluorescence Units
AT Analytical Threshold
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scDNA Single-Cell DNA
PGS Probabilistic Genotyping Software
AIMs Ancestry-Informative Markers
CNN Convolutional Neural Network
GAN Generative Adversarial Network
SMOTE Synthetic Minority Oversampling Technique
LASSO Least Absolute Shrinkage and Selection Operator
PLSR Partial Least Squares Regression
CpG Cytosine-phosphate-Guanine (dinucleotide)
MAD Mean Absolute Deviation
qPCR Quantitative Polymerase Chain Reaction
VISAGE VISible Attributes through GEnomics
AI Artificial Intelligence
SHAP SHapley Additive exPlanations
LIME Local Interpretable Model-Agnostic Explanations
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Abstract: Background/Objectives: SUDEP is the sudden, unexpected death of someone
with epilepsy, and occurs mainly during sleep or at rest, or when the individual does
not seem to have experienced a convulsive seizure. The cause of death in SUDEP is still
unknown, and it may differ between cases. Cardiac factors are among the most prevalent
causes observed in SUDEP. Therefore, within the forensic medicine framework, identifying
well-known DNA markers involved in cardiac sudden and unexpected death would
aid in understanding the cause of SUDEP, as well as in finding cardiac risk markers in
patients with epilepsy. The purpose of this study was to identify any genetic variants by
analyzing blood and formalin-fixed paraffin-embedded (FFPE) tissue samples, utilizing
next-generation sequencing techniques. Methods: We investigated five cases of SUDEP that
were examined at the Legal Medicine department of Ancona (Italy). Peripheral blood or
FFPE cardiac tissues were collected, and different DNA extraction methods were performed.
In particular, this study underlines a new extraction method from FFPE tissue, adapting
the Casework kit for forensic application to our purpose. Later, about one hundred genes
correlated to inherited cardiac diseases were sequenced through the Ion PGM System and
Ion GeneStudio S5 Systems. Results: Bioinformatic analysis showed some genetic variants
of unknown significance (VUS) on genes involved in SUDEP: RYR2, SCN8A, and AKAP9.
Conclusions: As expected, very low coverage of the target base was observed for FFPE
tissue samples because of the complexity of the biological material. Therefore, the presence
of any significant variants in unamplified regions cannot be excluded in the FFPE samples.
As suggested by the literature, the variants found in the blood samples are potentially
associated with SUDEP.

Keywords: SUDEP; molecular autopsy; cardiac genes; next generation sequencing

1. Introduction

SUDEP is defined as a sudden, unexpected, witnessed or unwitnessed death in a
non-traumatic or non-drowning manner, with or without evidence of a seizure—excluding
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documented status epilepticus—in which there is no toxicological or anatomical cause
of death [1]. Each year, more than 1 in 1000 people with epilepsy die from SUDEP. Most
SUDEP cases are observed in young subjects (0–15 years old), and the incidence is higher
in men (1.41/1000 person-years) than in women (0.96/1000 person-years) [2]. However,
it is noted that the risk of SUDEP has been underestimated, especially in older people,
regardless of sex [2]. These deaths occur mainly during sleep or at rest, and the individuals
affected do not seem to experience convulsive seizures. The cause of death by SUDEP is
still unknown, and it may differ between cases.

The overarching term SUDEP can be subdivided into four different categories: Definite,
Definite Plus, Probably, and Possible; otherwise, if an alternate cause of death has been
determined, the possibility that SUDEP is the cause of death is excluded (SUDEP Unlikely).

1. Definite SUDEP: a non-traumatic and non-drowning death in an individual with
epilepsy, without a cause of death after postmortem examination.

2. Definite SUDEP Plus: includes the presence of a concomitant condition other than
epilepsy, where death may be due to the combined effects of both epilepsy and the
other condition.

3. Probably SUDEP: all the same criteria for Definite SUDEP are met, but no postmortem
examination is performed.

4. Possible SUDEP: insufficient information is available regarding the death; post-
mortem examinations have not been carried out, and the SUDEP hypothesis cannot
be ruled out [3–5].

Recent studies have extensively investigated the pathophysiology of SUDEP in dif-
ferent groups, proposing four main mechanisms for SUDEP: cardiac dysfunction, such as
cardiac arrhythmias and other cardiac events; respiratory factors, such as seizure-induced
pulmonary dysfunction; and cerebral and autonomic nervous system dysregulation. Other
less frequent causes of SUDEP are anti-epileptic drugs; vagal nerve stimulation, which
may induce bradycardia or cardiac arrest; and genetic factors, including mutations in
several genes associated with an increased susceptibility to SUDEP [6]. Over 33% of these
are related to mutations, leading to increased susceptibility to arrhythmia [7]. Cardiac
factors such as channelopathies, cardiomyopathies, aortopathies, cardiac arrhythmias, and
long QT syndrome (LQTS) are among the most involved elements in SUDEP. Therefore,
within the forensic medicine framework, the well-known DNA markers involved in cardiac
sudden and unexpected death would aid in understanding the cause of SUDEP and in
finding cardiac risk markers in patients with epilepsy. The SUDEP research is supported by
genetic analysis (so-called molecular autopsy) that can lead to the identification of variants
with clinical significance related to the cause of death.

To date, few genes have been analyzed in genetic testing, although the implemen-
tation of next-generation sequencing (NGS) and the low cost of these high-throughput
technologies are helping to identify new candidate genes. Few studies have examined
possible genetic risk factors in SUDEP. One of the limiting factors is that quality DNA sam-
ples must be collected during the life of the patient or extracted from postmortem blood.
Although there is increasing awareness of the importance of collecting blood samples in
unexplained sudden death in order to perform post-mortem genetic testing of the main
cardiac arrhythmia genes [8], it is not always suitable for laboratories [9]. As in our case,
we had collected formalin-fixed paraffin-embedded (FFPE) tissue in the past years for
further analyses, with no blood samples available. Bagnall et al. in 2017 [8] performed
exome sequencing from degraded DNA derived from FFPE postmortem tissues, which
identified a de novo SCN1A frameshift variant in a patient with SUDEP. This study shows
the possibility of analyzing historical collections of postmortem fixed tissues from SUDEP
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cases [8,9]. Another limitation of studies on SUDEP is the small number of cases. In fact, it
is a rare event, and the largest genetic study of SUDEP was performed by Bagnall et al. in
2016 using exome sequencing-based analysis of 61 SUDEP cases [10].

In our forensic genetics laboratory, we analyzed two SUDEP cases in 2022 from FFPE
heart tissues on a cardiac custom panel of 97 genes, and, more recently, we studied three
other cases, two samples of whole blood and one sample of FFPE heart tissue, through an
updated custom panel of 103 genes. We used a panel of cardiac genes because SUDEP was
hypothesized to be caused by cardiac factors. In this study, we included not only samples
of whole blood, but we also discussed the analysis of FFPE tissues, which were the only
available biological matrices for some cases. Sometimes, it is common to store FFPE tissue
for further analyses, since it can be stored for a longer time at room temperature at a lower
cost. For this reason, we drew attention to the semi-automated DNA extraction method
used for FFPE tissue and the results that we obtained.

2. Materials and Methods

In our research, we included five cases of SUDEP, renamed as sample 1, sample 2,
sample 3, sample 4, and sample 5. In the study, two males and three females were included.
All the subjects were epileptic patients treated with anti-epileptic drugs. In particular,
sample 1 was a 31-year-old male who died in his sleep; sample 2 was a 47-year-old man
with epilepsy under treatment; sample 3 was a 30-year-old woman with epilepsy and in
drug treatment; sample 4 corresponded to a 56-year-old woman with cardiomyopathy who
was HIV-positive; and finally, the most recent case of SUDEP, sample 5, was a 23-year-old
young woman found unconscious lying in an apartment. For all cases, the toxicology tests
revealed negative results for alcohol and psychoactive substances, and the anti-epileptic
drugs present in the subjects in quantities were compatible with a therapeutic intake. Based
on these findings, the coroner determined the cause of death to be attributable to Definite
SUDEP for all cases, with the exception of sample 4, who suffered from cardiomyopathy
and was classified as Definite Plus SUDEP, due to the appearance of fatal arrhythmia.
The starting biological material was different: samples 1, 2, and 3 were FFPE heart tissue
samples, and samples 4 and 5 were whole blood samples. Extraction of DNA from FFPE
tissue is a critical step in molecular genetic testing. The area of the tissue was cut with a
scalpel, and then the paraffin was eliminated, leaving only the tissue on the surface. This
step facilitates slicing the tissue with the microtome without the interference of paraffin
in the next step of extraction. Five to ten 5 μm thick slices were cut with the microtome,
and a semi-automated DNA extraction method was performed following the “Promega
Corporation, Revised 5/12, part #TB382” protocol of the Casework Kit (catalog number:
AS1550, Promega, Madison, WI, USA) with the Maxwell® 16 Instrument (Promega). A total
of 23 μL of Proteinase K solution and 180 μL of Casework Extraction Buffer was added,
and samples were incubated at 70 ◦C overnight. The day after, 400 μL of lysis buffer was
added, and the samples were ready for automated DNA extraction through the Maxwell
16 Instrument. DNA samples were eluted in 50 μL of elution buffer. The Casework Kit
is usually used for challenging forensic samples, such as blood stains, semen stains, hair,
cigarette butts, tissue samples, and trace DNA samples regularly encountered in forensic
DNA analysis. It has also proven to be a good method for extracting DNA from FFPE tissue
samples, since it reduces the number of steps and therefore also the risk that the different
reagents can further degrade the DNA.

The DNA extraction method used for whole blood samples was performed through
the Maxwell® CSC Genomic DNA Kit (catalog number: AS1850, Promega, Madison, WI,
USA) by the Maxwell® CSC 48 instrument (Promega). The protocol was followed in all its
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parts, considering an initial sample volume of 200 μL of whole blood and the volume of
elution buffer of 200 μL. DNA extracted from FFPE tissue samples was quantified through
a real-time PCR, using the Plexor® HY System kit (catalog number DC1001, Promega,
USA). The instructions on the Plexor® HY System Protocol recommend using 2 μL of
template DNA per reaction. DNA standards are in the range of 3.2 pg/μL to 50 ng/μL.
Performing duplicate analysis of each sample DNA and averaging the quantitation results
can reduce variability. Serial dilutions of the DNA standard were amplified in the same
run as the unknown samples, and the results were used to generate a standard curve in
the autosomal (fluorescein/GREEN) and Y (CALFluor® Orange 560/YELLOW, Berkeley,
CA, USA) channels to determine the concentrations of unknown samples. It is necessary to
include a no-template control (NTC) reaction for each set of reactions.

For blood samples, quantification was performed using the Qubit dsDNA HS (High
Sensitivity) Assay kit (catalog number: Q32851, Thermo Fisher Scientific, Waltham, MA, USA),
through the Qubit Instrument.

All the samples were then diluted, reaching a final concentration of 0.67 ng/μL for
library preparation with Ion AmpliSeq™ Library Kit 2.0 (catalog number: 4475345, Thermo
Fisher Scientific). A volume of 15 μL was aliquoted into the plate for library preparation
with the Ion Chef System. The sequencing was then performed through the Ion PGM
System for samples 1 and 2, sequenced in 2022 using a custom panel of 97 genes (V1)
involved in cardiovascular diseases (18 genes of which were involved in SUDEP according
to data collected in the literature). Samples 3, 4, and 5 were recently sequenced through
Ion GeneStudio S5 Systems using an updated custom panel with 103 genes (V2), 21 of
which are involved in SUDEP. The updated custom gene panel is shown in Supplementary
Materials (Table S1). The genes added to the latest version were DEPDC5, DTNA, GAA,
PTPN11, SCN1A, and SCN8A. In particular, DEPDC5, SCN1A, and SCN8A are involved
in SUDEP. For data analysis, the Torrent Suite (v 5.12.3, TFS), the Integrative Genomics
Viewer tool, the Alamut® Visual Plus software (v 1.9), and the Human Gene Mutation
Database (HGMD) were used. We validated the NGS variants through Sanger sequencing
as a gold-standard technique.

3. Results

The extraction methods used with FFPE heart tissue turned out to be quite efficient,
since the concentration of DNA was higher than 0.67 ng/μL, as required for library prepara-
tion. Results collected by Qubit® and Real-Time PCR by Plexor® HY System are displayed
in Table 1.

Table 1. Results of quantification by Qubit® and real-time PCR by Plexor® HY System.

Sample Name Starting Material C (ng/μL) by Qubit
C (ng/μL) by

Real Time-PCR

Sample 1 10 slices of FFPE 0.7
Sample 2 5 slices of FFPE 1.2
Sample 3 8 slices of FFPE 5.7
Sample 4 200 μL of blood 27.2
Sample 5 200 μL of blood 18.0

As expected, very low coverage of the target base was observed for FFPE tissue
samples as a result of the complexity of the biological material and the elaborate DNA
extraction method. The average base coverage depth and the target base coverage are
shown in Table 2. We have adopted the following criteria to discriminate the variants in
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this study: a total depth at position > 100X for blood samples and >30X for FFPE tissue
samples; AF > 0.45 for heterozygous; SNP Strand Bias < 0.6.

Table 2. This table shows the coverage analysis resulting from the Ion Torrent Suite software. The
coverage of the 3 FFPE tissue samples (1, 2, and 3) is very low compared to the coverage of whole
blood samples (4 and 5). For the evaluation of variants, we considered 30X as the target base coverage
for FFPE tissue-derived DNA and 100X for blood-derived DNA.

Sample Name
% Base Reads on

Target
Average Base

Coverage Depth
Target Base

Coverage at 30X
Target Base

Coverage at 100X

Sample 1 38.59% 14.52 7.81% -
Sample 2 34.59% 6.696 3.47% -
Sample 3 45.50% 10.63 5.60% -
Sample 4 95.23% 399.1 99.12% 97.46%
Sample 5 83.49% 271.6 98.76% 93.21%

Samples were then analyzed and the variants noted through wANNOVAR; subse-
quently, they were interpreted with the use of bioinformatics tools such as ClinVar, LOVD,
CardioClassifier, Revel, and Cadd (Table 3).

Table 3. Variants found in the epilepsy-related sudden unexpected death cases through NGS analysis,
with the updated panel (103 genes).

Sample Name Gene Chr Start End Ref Alt Clinical Significance *

Sample 3 MYBPC3 chr11 47369430 47369430 G C Conflicting classifications of
pathogenicity **

Sample 4

ANK2 chr4 114269433 114269433 A G Conflicting classifications of
pathogenicity **

DSG2 chr18 29078136 29078136 C G Conflicting classifications of
pathogenicity **

DSP chr6 7585967 7585967 G C Conflicting classifications of
pathogenicity **

HCN4 chr15 73616159 73616159 C T Conflicting classifications of
pathogenicity **

RYR2 chr1 237972204 237972204 G A Uncertain Significance
SCN8A chr12 52115597 52115597 C T Uncertain Significance

Sample 5
AKAP9 chr7 91645538 91645538 A T Uncertain Significance

DSP chr6 7585967 7585967 G C Conflicting classifications of
pathogenicity **

* Bioinformatic tools used for variant interpretation: ClinVar, LOVD, CardioClassifier, Revel, and Cadd (analysis
was performed in August 2025). ** Conflicting classifications of pathogenicity refer to situations where the same
genetic variant is described differently (e.g., as pathogenic or benign) by different experts or databases, leading to
confusion about its potential to cause disease.

All the variants collected in Table 3 are different from each other; none of the samples
share the same variants. Therefore, it is very difficult to make assumptions or draw
conclusions for a diagnosis of SUDEP, since this does not allow us to define a typical
genotype of an SUDEP case.

In particular, in Table 4, we have collected the variants with a relevant clinical signifi-
cance possibly correlated to the cause of death. In detail, sample 4 resulted in two variants of
unknown significance (VUS) on genes RYR2 and SCN8A. Sample 5 resulted in one VUS on
the AKAP9 gene. All three variants are missense, and the variant allele frequency is shown
in Table 4. Deepening the molecular significance of these three variants on gnomAD, we con-
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cluded that the VUS on the AKAP9 (NM_005751.5(AKAP9):c.3708A>T) gene is benign, the
VUS on SCN8A (NM_001330260.2(SCN8A):c.1903C>T) is possibly damaging but predicted
as tolerated, and, most interestingly, the VUS on RYR2 (NM_001035.3(RYR2):c.14302G>A)
is indicated as possibly damaging, with consequences on cardiovascular phenotype. All
variants were confirmed by Sanger sequencing.

Table 4. A summary of the results of the analyses performed through IGV (Integrative Genome
Viewer) and wANNOVAR. For FFPE tissue samples (1, 2, and 3), no variants of relevant clinical
significance were observed. The interpretation of the variants followed the ACMG-AMP guidelines.
MutationT@ster 2025 predicted the function of modified proteins.

Sample
Name

Gene Region dbSNP
Population

Allele
Frequency *

ACMG-AMP
Classification

MutationT@ster 2025
Protein Function

Prediction

Features of
Protein at a

Glance

Sample 4

NM_001035.3(RYR2):c.14302G>A
p.(Val4768Ile) rs775534249 0% VUS: PM1 PM2

PP3 Deleterious

Amino acid
sequence changed
Protein features
(might be) affected

NM_001330260.2(SCN8A):c.1903C>T
p.(Arg635Cys) rs749983172 0% VUS: PM2 PP2

BP4 Deleterious

Amino acid
sequence changed
Protein features
(might be) affected

Sample 5 NM_005751.5(AKAP9):c.3708A>T
p.(Glu1236Asp) rs751002727 0.000036% VUS: BP4 BP1 BP3

PM2 Undetermined/Benign

Amino acid
sequence changed
Protein features
(might be) affected

* Population allele frequency from gnomAD genome.

4. Discussion

Performing a molecular autopsy on cases of SUDEP was challenging. The main
limitation was the small cohort of SUDEP cases due to the rarity of the phenomenon.
Hence, to try to broaden the case cohort, we also included in the study FFPE tissue samples
from SUDEP cases collected in the past. We have developed a new method of DNA
extraction from this complex biological matrix, despite knowing the low coverage in FFPE-
derived DNA in NGS analysis. Complying with the results shown in this article, we assume
that the choice of FFPE tissue samples prevented a well-conducted genetic analysis. This is
due to the presence of formalin, which highly degrades the DNA molecule, leading to its
fragmentation and the formation of cross-links. More recently, there has been a growing
interest in extracting DNA from FFPE samples for genetic analysis. However, attempting
to prepare DNA libraries for NGS from FFPE samples can be particularly challenging
due to the effects of formalin fixation and paraffin embedding on the quality of DNA.
The DNA extraction method shown in this article was found to be effective, accurate,
and fast as a semi-automated method. Some strategies could be worked out from the
beginning to overcome some issues, such as following some recommendations on FFPE
tissue preparation. In particular, it has been demonstrated that after one day of formalin
fixation, the level of DNA fragmentation and formation of cross-links increases in FFPE
tissues [11]. Other strategies could be adopted to overcome FFPE tissue problems, such
as using optimized pre-treatments like antigen retrieval and deparaffinization, as well as
employing specialized extraction kits and technologies to enhance nucleic acid recovery
and reduce degradation. The DNA extraction method by the Casework kit, described
in this article, allows a reduction in the number of steps and therefore the risk that the
different reagents could further degrade the DNA. For these reasons, FFPE tissue samples
are usually more prone to errors and false positive variants in NGS analysis. Moreover,
false negatives may occur due to the low coverage in FFPE-derived DNA. Therefore, the
presence of additional significant variants in non-amplified regions in samples 1, 2, and 3
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cannot be excluded. We can infer that for an NGS analysis, it would be better to use blood
as a starting biological material in order to have a higher coverage of the target regions. In
fact, blood samples 4 and 5 result in a higher coverage analysis. This allowed us to make a
more thorough and complete analysis of the whole gene panel, leading to three VUS. The
key variants found through NGS analysis and the clinical context of each case are displayed
in Supplementary Table S2.

The variant NM_001035.3(RYR2):c.14302G>A in sample 4 was previously discussed
in the literature [12–14] and classified as a VUS specifically involved in cardiac disease,
such as cardiomyopathy [13] and catecholaminergic polymorphic ventricular tachycar-
dia (CPVT) [12,13]. The deceased individual 4 had cardiomyopathy, and this VUS could
explain the clinical picture. In particular, the RYR2 gene encodes the cardiac ryanodine
receptor 2 (RyR2), a major component of RyR2 channels, which mediate calcium release
from the sarcoplasmic reticulum into the cytosol upon cell membrane depolarization. De-
fective closure of RyR2 channels results in intracellular calcium leakage, which leads to
increased potential for delayed after-depolarizations and subsequent ventricular tachy-
cardia. Mutations in the RYR2 gene could lead to the most common form of CPVT. As
suggested by the literature, RYR2 mutations could lead to epilepsy and heart disease and
are potentially associated with SUDEP [15]. The effect of the variant on protein function is
classified as “Uncertain” in the MutationT@ster prediction tool, referring to the fact that
the amino acid sequence change might affect the protein features. On Mutation Assessor,
this variant has benign support.

The second variant, NM_001330260.2(SCN8A):c.1903C>T, in sample 4, is mentioned
in the literature in one case of early infantile epileptic encephalopathy (early-infantile
DEE) [14], a neurological disorder characterized by recurring seizures presenting within
the first three months of life, progressive cerebral dysfunction, and low electrical brain
activity interspersed with bursts of high spiked activity [16]. On MutationT@ster, the
variant causes a deleterious protein with an uncertain prediction about the function. On
Mutation Assessor, the variant is considered as benign moderate.

The variant NM_005751.5(AKAP9):c.3708A>T, in sample 5, was observed in the lit-
erature in Long QT Syndrome and Romano-Ward Syndrome [13], two inherited cardiac
diseases that can be correlated with sudden death. Individual 5 was a young woman suffer-
ing from epilepsy and in drug treatment and was found lying on the floor of her apartment.
Cardiac disease cannot be excluded. Referring to the prediction tools used, MutationT@ster
classified the variant as undetermined/benign on the function of the protein, showing an
uncertain prediction between different studies in the tool itself.

The three VUS found in this study raise another major problem in genetic analyses.
These variants are, in fact, rare and still hold uncertain significance, often because they are
related to scarce and poorly studied pathologies or phenomena. These variants need to be
interpreted in further studies, since their significance is not certain. Functional tools show
different interpretations as well. In order to interpret the correlation between the variant
and the pathology in silico, a study is not sufficient; however, it could be suitable to perform
experimental in vitro studies, such as RNA-sequencing and functional analysis [17].

5. Conclusions

In conclusion, for future studies, we would expand the cohort through multicenter
collaborations and integrate genetic data with clinical information to improve interpre-
tation and the genotype-phenotype correlation [18]. To increase the reliability of genetic
analyses, we would suggest using the appropriate starting biological material to conduct
an NGS analysis, i.e., whole blood rather than FFPE tissue, if available. However, the
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DNA extraction protocol for FFPE tissue samples used in this study showed good results
considering the type of biological matrix. The Casework kit (Promega) is usually used for
challenging casework samples, such as in forensic analysis, and it proved adequate for the
FFPE samples, too.

Moreover, the NGS custom gene panel may be updated in the future with other genes
involved in cardiac disease and SUDEP, detecting additional significant variants if present.
Further information on the found VUS in samples 4 and 5 will be provided in the future
when functional studies will be conducted, bearing in mind that the interpretation of the
found variants requires studies by a multidisciplinary team, including geneticists and
clinical and forensic pathologists. It is also essential to perform a careful evaluation of the
pathogenicity of the detected gene variants, and the combination of clinical information,
pathological examination, and genetic testing through NGS can become a valid approach
for SUDEP diagnosis, even in the absence of clinical appearance or typical gross pathology
suggesting advanced inherited heart diseases [19].

Although silico instruments predict the possible pathogenicity and classification of
some variants, they should not be used as the sole source of evidence to make a clinical
assertion [9]. To ascertain the pathogenicity of the variants, studies on larger cohorts will be
required. However, collecting a high number of SUDEP cases is a challenge due to the rarity
of the event in the population. Molecular autopsy must become an inherent part of the
post-mortem examination in cases classified as SUDEP. To date, molecular autopsy is not
considered a routine examination, although recommended, which is why many pathologies,
such as SUDEP, are underestimated. Moreover, this routine forensic practice should be
combined with other clinical evaluations by a neuropathologist or cardiac pathologist
for a more comprehensive clinical picture of SUDEP [18,20]. The molecular autopsy not
only represents a diagnostic test to ascertain the causes of death of a deceased subject,
but is also fundamental for the victim’s family members. Genetic testing could also be
performed for family members, who may be at-risk carriers of fatal cardiac disorders. A
good interpretation of variants could help to identify the diagnosis or prognosis, preventing
sudden death, including the avoidance of medications that may prolong the QT interval,
taking antiarrhythmic drugs such as beta-blockers, and prophylactic interventions for
possible lethal cardiac arrhythmias, such as implantable cardioverter defibrillators [8]. To
best manage families, close interdisciplinary collaboration is essential [9].

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/genes16111272/s1: Table S1: The list of genes present in the
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Abstract: Background/Objectives: Obtaining reliable DNA profiles from archival tissue
preserved as formalin-fixed, paraffin-embedded (FFPE) samples remains a major challenge
in both forensic and medical evaluations. The quality of DNA isolated from FFPE ma-
terial is frequently compromised due to formalin-induced fragmentation and chemical
modifications. These limitations are particularly relevant in cases of suspected medical
malpractice related to cancer diagnosis or treatment, where retrospective molecular analy-
ses may provide critical evidence. The aim of this study was to evaluate the performance
of the Maxwell® RSC Xcelerate DNA FFPE Kit (Promega) in generating DNA profiles from
archival FFPE tissue blocks of endometrial cancer and to identify the limitations associated
with this approach. Methods: Archival FFPE blocks of endometrial cancer were analyzed
using the Maxwell® RSC Xcelerate DNA FFPE Kit. DNA yield, purity, and degradation
indices were assessed using standard real-time PCR-based quantification methods. Short
tandem repeat (STR) profiling was performed with forensic genotyping kits, and the com-
pleteness, allele balance, and reliability of obtained profiles were evaluated. The obtained
results were compared with reference quality thresholds commonly used in forensic prac-
tice. Results: The Maxwell® RSC Xcelerate Kit allowed for recovery of relatively high DNA
yields with consistently low degradation indices, confirming good extraction efficiency
from FFPE samples. Nevertheless, despite favorable quantitative values, the generation of
complete STR profiles was often unsuccessful. Partial or incomplete profiles were frequent,
characterized by allele dropout and imbalance, which substantially reduced their eviden-
tiary value. These findings suggest that DNA fragmentation and fixation-related artifacts
impair amplification efficiency and limit the usefulness of STR analysis. Conclusions: This
study emphasizes the persistent challenges of DNA profiling from FFPE tissue in forensic-
medical contexts. Although the Maxwell® RSC Xcelerate Kit demonstrated effective DNA
recovery, the ability to generate complete and interpretable STR profiles remained limited.
Further refinement of extraction protocols, as well as improved interpretative strategies,
are required to enhance the reliability and evidentiary significance of molecular analyses
based on archival FFPE material.

Keywords: formalin-fixed paraffin-embedded (FFPE); DNA degradation; short tandem
repeats (STR); forensic genetics; DNA extraction
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1. Introduction

Embedding tissues in paraffin (FFPE—Formalin-Fixed, Paraffin-Embedded) is the
standard method for preparing histopathological samples, particularly in cancer diagnos-
tics. One of the main objectives of this process is to preserve the tissue architecture and
cellular morphology [1]. In routine histopathological procedures, the most commonly
used fixative is 10% neutral-buffered formalin (NBF), which corresponds to a 4% aqueous
solution of formaldehyde. Buffering, most often phosphate-based, ensures a neutral pH of
around 7.0 [2]. In specialized studies, alternative variants of formalin may also be used,
for example: 4% formaldehyde in PBS for immunohistochemistry, methacarn (“modified”
formalin) for better preservation of lipid structures, or 4% paraformaldehyde (PFA) for
molecular biology and electron microscopy. The choice of the fixative depends on the
intended downstream application of the biological material [3].

Another reagent widely used in histopathological studies is paraffin. It stabilizes tissue
structure, prevents morphological degradation, and enables long-term storage. Paraffin
also protects tissues from mechanical damage—its hardened structure allows for precise
sectioning of thin slices. Additionally, it minimizes structural alterations, ensuring that
well-preserved tissues retain their cellular organization and histological details. An im-
portant aspect of paraffin embedding is the replacement of water and lipids—during
embedding, tissues are dehydrated and infiltrated with paraffin, which stabilizes their
structure. However, paraffin may also exert negative effects on tissues. It can cause cyto-
plasmic condensation, altering cellular appearance, and may contribute to DNA and RNA
fragmentation, which complicates molecular analyses such as PCR or sequencing [4–6].

Formalin, on the other hand, preserves tissue by creating cross-links between proteins,
preventing autolysis (self-destruction of cells) and tissue degradation. Paraffin comple-
ments this process by stabilizing tissue architecture, thereby allowing precise sectioning
of ultrathin slices with a microtome for microscopic analysis. FFPE tissues are the gold
standard in cancer diagnostics, enabling both classification and assessment of tumor ag-
gressiveness [3,7,8]. Such preserved tissues can be stored for many years, allowing their
re-analysis if needed, for example, in the context of additional genetic or immunohisto-
chemical tests. This long-term stability is also crucial for retrospective studies, biomarker
discovery, and clinical research [8,9].

The process of tissue fixation induces a series of chemical changes that affect DNA
quality and integrity. Formalin, a solution of formaldehyde, forms cross-linking bonds
between proteins and nucleic acids, which hinders DNA extraction and amplification [3].
The formation of methylene bridges between nitrogenous bases results in DNA fragmenta-
tion, leading to difficulties in obtaining complete genetic profiles. Moreover, prolonged
storage in formalin enhances hydrolytic processes, causing further degradation of genetic
material [10].

After fixation in formalin, tissue samples are embedded in paraffin, which protects the
specimen from external factors but at the same time may hinder efficient DNA recovery [11].
Incomplete removal of formalin before paraffin embedding can result in further DNA
degradation and fragmentation. The paraffinization process may also stabilize unwanted
chemical bonds, which additionally complicates DNA extraction and reduces the efficiency
of PCR amplification. As a result, FFPE material is often characterized by low amplification
yield and an increased occurrence of artifacts in genetic analyses [12].

In forensic medicine and forensic genetics, FFPE tissues are used for identification
analyses in situations where they constitute the only available biological material in criminal
cases from many years ago, enabling examination even when other DNA sources have
undergone degradation [13]. Post-mortem diagnostics also allow for the detection of
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mutations associated with hereditary diseases, cancers, or other conditions that may have
contributed to the cause of death. Their analysis can play a crucial role in cases involving
medical malpractice, particularly when there is a need for a retrospective evaluation of
the accuracy of a diagnosis, the applied treatment, or clinical decisions. This is especially
important in assessing whether errors occurred during the preparation of histopathological
samples, such as patient sample mix-ups or material contamination [14,15].

DNA can be recovered from formalin-fixed, paraffin-embedded (FFPE) tissues; how-
ever, the process is considerably more challenging than with fresh or frozen samples.
Formalin induces DNA fragmentation and creates cross-links between proteins and nucleic
acids, which can hinder both extraction and amplification. It leads to the formation of stable
bonds between DNA and proteins, thereby reducing extraction efficiency [6,16]. In some
cases, the amount of sample available may be small or insufficient to perform a complete
analysis, requiring the use of optimized protocols, specialized extraction kits, and experi-
enced laboratory personnel. FFPE preparations may also contain residual formalin, which
introduces sequencing errors by generating mutational artifacts [17,18]. The short length of
DNA fragments further limits the effectiveness of analytical methods, particularly those
that rely on long amplicons, such as short tandem repeat (STR) analysis, commonly applied
in forensic genetics. DNA quality in FFPE tissues is also strongly influenced by storage
time and conditions; samples stored for many years often show additional degradation,
which further complicates analysis [12,19].

Due to DNA degradation and potential histological artifacts, it is necessary to employ
advanced analytical methods, such as molecular and immunohistochemical techniques [5].
A comprehensive evaluation requires an interdisciplinary approach, involving collabo-
ration among pathologists, geneticists, and forensic experts. To minimize the inherent
limitations of FFPE samples, various strategies have been developed to improve the quality
of extracted DNA. One such strategy is the optimization of extraction procedures, including
the use of protein-degrading enzymes (e.g., proteinase K) and modified DNA isolation pro-
tocols. Another is the use of amplification methods targeting small DNA fragments—such
as short amplicon markers (miniSTRs)—which perform better with degraded DNA [5,20].
Next-generation sequencing (NGS) technologies also enable the analysis of highly degraded
samples by employing specialized error-correction algorithms. Additionally, careful de-
paraffinization and limiting excessive exposure to formalin during sample preparation can
improve DNA yield and quality [21].

There is a common misconception that the preparation of FFPE tissue completely
destroys the DNA it contains. Nothing could be further from the truth. Although the DNA
is certainly damaged and fragmented, it is not entirely lost. Formalin itself leads to the
formation of methyl bridges and DNA crosslinking, which hinder subsequent isolation
and analysis [22,23]. Prolonged fixation, combined with exposure to high temperatures
during paraffin embedding, often results in chemical modifications of DNA, such as cytosine
deamination to uracil, which may introduce sequencing errors [18,24]. This process also
causes extensive crosslinking with proteins, further complicating the recovery of “pure” DNA.

Despite these limitations, FFPE tissues remain a viable source of DNA for identification
studies, although the quality of the material is inherently restricted [13]. These protocols
often include steps to reverse protein–DNA crosslinks while simultaneously shortening the
extraction process. Enzymatic DNA repair, for example, through enzymes capable of reversing
chemical modifications, can further enhance the quality of recovered DNA [18,20,25].

Another critical factor is avoiding excessively long fixation times in formalin (>24–48 h),
which markedly increases DNA damage. The use of buffered formalin instead of unbuffered
formalin also has a significant impact on DNA quality. Regular formalin is acidic (pH < 4),
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leading to intense DNA degradation and higher rates of mutations, including cytosine-to-
uracil deamination. Buffered formalin (commonly phosphate-buffered, pH ~ 7) stabilizes the
environment, limiting hydrolysis and DNA fragmentation. Acidic conditions promote strong
DNA–protein crosslinking, hindering subsequent extraction and increasing spontaneous DNA
mutations (e.g., C > T transitions), which may interfere with genetic analyses. Buffered formalin
reduces this process, allowing for the recovery of longer DNA fragments. DNA isolated from
tissues fixed in buffered formalin may reach lengths of up to ~1 kb, compared to only 100–300
bp typically observed with unbuffered formalin. This substantially improves the usability of the
material in molecular biology applications [3,18,26].

We have also observed these differences in our own molecular analyses. Material
obtained from small regional hospitals, where unbuffered formalin was used for tissue
fixation, consistently yielded inferior DNA results.

2. Material and Methods

The material used for the study consisted of FFPE tissues obtained from 25 patients
diagnosed with advanced endometrial cancer. The material was collected during 2023/24.
The study received approval from the Bioethics Committee of the Pomeranian Medical
University (KB-006/49/2022 and KB/006/74/2024).

The studies are part of a project funded under the National Science Centre competi-
tion (grant number: 2024/08/X/NZ1/00695). All patients provided informed consent to
participate in the study and for the scientific investigations resulting from this work.

The paraffin blocks were stored at room temperature for at least 30 min prior to sec-
tioning (blocks that are too cold become brittle, while those that are too warm become soft).
In cases of uneven block surfaces or oxidation, preliminary trimming was performed. The
block was mounted on a microtome, ensuring that the cutting surface was perpendicular
to the blade. Sections of 10 μm thickness were cut, as this is the standard thickness used for
DNA analysis. Ten sections were placed into a sterile Eppendorf tube and stored at 4–8 ◦C
until DNA isolation.

Archival FFPE blocks of endometrial cancer were obtained from the pathology archives.
For each block, the exact archival time (years since fixation and embedding) was recorded
in order to evaluate the potential effect of storage duration on DNA quality.

2.1. DNA Extraction

For all tumor samples, a minimum of 20% tumor cell content was required. Prior
to DNA extraction, the percentage of tumor cells was assessed independently by two
pathologists. The proportion of tumor cells was defined as the ratio of tumor cells to non-
tumor cells, including normal stromal, epithelial, and lymphatic cells. Genomic DNA was
extracted using the Maxwell® RSC Xcelerate DNA FFPE Kit (Promega, Mannheim, Germany).

The DNA isolation procedure using the Maxwell® RSC Xcelerate DNA FFPE Kit (Promega)
is characterized by a high degree of automation, which significantly enhances both its efficiency
and reproducibility. Following the initial sample preparation, including dewaxing and protease
digestion, subsequent extraction steps are carried out in a fully automated manner on the
Maxwell® RSC instrument. Samples are placed in single-use cartridges preloaded with the
appropriate reagents, and running the dedicated program allows the isolation to be completed
within approximately 30–60 min for up to 48 samples simultaneously. This technology con-
siderably reduces manual handling time (hands-on time), while the resulting DNA isolates
demonstrate high reproducibility and a lower risk of contamination compared to manual meth-
ods based on silica columns. Automated DNA isolation using the Maxwell® RSC Xcelerate
DNA FFPE Kit therefore represents a fast, intuitive, and efficient solution, particularly suitable
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for diagnostic and research laboratories where both high-quality nucleic acids and standardized
analytical processes are essential.

2.2. DNA Quantification and Degradation Index

To assess the quality and quantity of DNA in the FFPE biological samples, the Quan-
tifiler Trio DNA Quantification Kit (Thermo Fisher Scientific, Waltham, MA, USA) was
used, following the manufacturer’s protocol. This kit amplifies three target sequences:
short fragments (80 bp)—total human DNA quantification, long fragments (214 bp)—DNA
integrity assessment, and a sex marker (Y chromosome, 75 bp)—detection of male DNA.
The Quantifiler Trio method is critical for the analysis of low-quality samples, such as those
commonly encountered in forensic investigations, as it enables the optimal selection of
subsequent analytical methods, including PCR or NGS.

The Degradation Index (DI) was calculated as the ratio of the quantity of long-fragment
DNA to short-fragment DNA. A DI value > 1 indicates DNA fragmentation—the higher
the value, the greater the degree of sample degradation.

2.3. STR Amplification

For amplification of Short Tandem Repeat (STR) markers, the GlobalFiler™ PCR
Amplification Kit (Thermo Fisher Scientific, Waltham, MA, USA) was employed. This
multiplex PCR kit allows for the simultaneous amplification of 24 STR markers and the
sex-determining marker (amelogenin). Amplification was carried out according to the
manufacturer’s protocol. The GlobalFiler™ system enables the generation of DNA profiles
even from low-quality and degraded samples, such as FFPE tissues. The method is char-
acterized by high sensitivity, allowing amplification from as little as 0.1 ng of input DNA,
while maintaining strong resistance to PCR inhibition.

2.4. Detection of PCR Products

Following amplification, the PCR products were separated by capillary electrophoresis
on an Applied Biosystems 3500 Genetic Analyzer. Genetic profiles were analyzed and inter-
preted using GeneMapper™ ID-X Software v1.6 (Applied Biosystems, Foster City, CA, USA)
with an analytical threshold of 100 RFU. Quality control measures included the evaluation
of stutter peaks according to kit-specific thresholds GlobalFiler, (Thermo Fisher Scientific,
Waltham, MA, USA), assessment of allele balance (heterozygote ratio 60:40), and identification
of allele dropout. Negative controls were included in each run to monitor contamination.

3. Results

The chart (Figure 1) presents three key DNA quality parameters from FFPE samples:

Figure 1. Distribution of degradation index and autosomal DNA quantities in FFPE samples.
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Quantity Small (autosomal)—Values are relatively high, indicating that short DNA
fragments amplify much better and are better preserved.

Quantity Large (autosomal)—Values are very low and scattered, confirming that long
DNA fragments undergo degradation and have limited usefulness in STR analyses.

Degradation Index—the distribution is broad, with several outliers (>100), show-
ing substantial variability in DNA quality among samples; a high DI indicates severe
DNA degradation.

DNA from FFPE blocks is characterized by better amplification of short fragments,
whereas longer ones are significantly degraded, which is reflected in high DI values.

3.1. Legend

IPC (Internal Positive Control): Ct values of ~27–28 are stable, indicating the ab-
sence of strong PCR inhibitors. This suggests that the issue is not inhibition but rather
DNA degradation.

Large autosomal amplicon (~300 bp): very low DNA quantities (often <1 ng/μL).
Small autosomal amplicon (~80–100 bp): significantly higher DNA quantities in

most samples.
Degradation Index (DI): calculated as the ratio of DNA quantity from the small

amplicon to the large amplicon.
DI ~ 1–3 → DNA moderately preserved, full STR profiles are possible.
DI > 10 → DNA strongly degraded, only partial STR profiles expected.
DI > 50–100 → extreme degradation, requiring miniSTR or NGS target enrichment.
Samples with a low degradation index (DI 4–7) (Table 1) contained relatively well-

preserved DNA, which makes it possible to obtain full or nearly full STR profiles, provided
that the input material is sufficient.

Samples with a medium DI (15–40) (Table 1) indicated moderate DNA degradation.
In such cases, there is a high probability of obtaining only partial STR profiles. Nonethe-
less, analysis is feasible, particularly when using markers with shorter amplicon lengths
(miniSTRs) or alternatively SNP panels.

In contrast, samples with a very high DI (≥80) (Table 1) exhibited severely degraded
DNA. In these situations, conventional STR profiling usually fails or yields only trace results
with a high risk of allele dropout. Therefore, advanced approaches such as miniSTRs, next-
generation sequencing (NGS), or mitochondrial DNA analysis are required.

The results of DNA quantification from FFPE tissues demonstrated substantial quality
limitations of the extracted genetic material. Elevated Degradation Index (DI) values,
in some cases exceeding 100, clearly indicated a predominance of short DNA fragments
accompanied by a pronounced scarcity of longer amplicons. These characteristics are typical
for formalin-fixed, paraffin-embedded samples, in which DNA–protein cross-linking and
fragmentation processes significantly compromise genomic integrity. Consequently, despite
relatively high concentrations of short autosomal fragments, amplification of STR markers
using the Global Filer kit was restricted to a limited number of loci with the shortest
amplicons. The resulting STR profiles were therefore only partial and exhibited low
evidential value. These findings suggest that in cases of severely degraded FFPE-derived
DNA, alternative approaches such as mini-STRs, SNP panels, or mitochondrial DNA
analysis, which rely on shorter amplicons, may provide more reliable and informative
genetic data.
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Table 1. Assessment of DNA concentration and Degradation Index (DI).

No. Sample Name Target Name CT Mean Quantity Mean Degradation Index

1

27338-23 T.IPC 27.28462982 - -

27338-23 T.Large Autosomal 28.03167725 0.191929743 51.59603119

27338-23 T.Small Autosomal 23.33320999 9.902812958 51.59603119

2

780-24 T.IPC 27.39422417 - -

780-24 T.Large Autosomal 28.05417442 0.189387381 19.14279175

780-24 T.Small Autosomal 24.87759399 3.625403166 19.14279175

3

24387-24 T.IPC 27.86660004 - -

24387-24 T.Large Autosomal 22.4848175 5.140621662 4.666538239

24387-24 T.Small Autosomal 21.97338104 23.98890686 4.666538239

4

7622-23 T.IPC 27.42311668 - -

7622-23 T.Large Autosomal 26.39240265 0.507136106 18.29960823

7622-23 T.Small Autosomal 23.43297958 9.280391693 18.29960823

5

47239-23 T.IPC 27.35767174 - -

47239-23 T.Large Autosomal 30.1026268 0.056239072 88.9747467

47239-23 T.Small Autosomal 24.38232994 5.003857136 88.9747467

6

15330-24 T.IPC 27.6943512 - -

15330-24 T.Large Autosomal 25.44915199 0.887025833 5.82336092

15330-24 T.Small Autosomal 24.33347511 5.165471554 5.82336092

7

27577-24 T.IPC 27.62685204 - -

27577-24 T.Large Autosomal 26.77074432 0.405258179 16.854599

27577-24 T.Small Autosomal 23.90406418 6.830463886 16.854599

8

52934-23 T.IPC 27.72996712 - -

52934-23 T.Large Autosomal 31.37101936 0.026517242 23.76406479

52934-23 T.Small Autosomal 27.56682968 0.630157471 23.76406479

9

816-24 T.IPC 27.65239334 - -

816-24 T.Large Autosomal 28.73755455 0.126309276 8.61333847

816-24 T.Small Autosomal 26.72755241 1.087944508 8.61333847

10

2104-24 T.IPC 27.51393509 - -

2104-24 T.Large Autosomal 26.5255928 0.468639314 5.778486252

2104-24 T.Small Autosomal 25.32598495 2.708025932 5.778486252

11

31954-23 T.IPC 27.62247467 - -

31954-23 T.Large Autosomal 27.56675911 0.252825886 36.40428925

31954-23 T.Small Autosomal 23.44569206 9.203947067 36.40428925

12

3445-23 T.IPC 27.84559059 - -

3445-23 T.Large Autosomal 23.90898895 2.21006608 5.168225765

3445-23 T.Small Autosomal 23.1138401 11.42212009 5.168225765

13

17486-24 T.IPC 28.19722366 - -

17486-24 T.Large Autosomal 31.04796028 0.032113694 15.91148281

17486-24 T.Small Autosomal 27.88903999 0.510976493 15.91148281
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Table 1. Cont.

No. Sample Name Target Name CT Mean Quantity Mean Degradation Index

14

18670-23 T.IPC 27.39790535 - -

18670-23 T.Large Autosomal 26.94467926 0.365558952 41.77180481

18670-23 T.Small Autosomal 22.66760635 15.27005672 41.77180481

15

6180-24 T.IPC 27.63027191 - -

6180-24 T.Large Autosomal 31.10833549 0.030984785 145.5412598

6180-24 T.Small Autosomal 24.54218292 4.509564877 145.5412598

16

1834-24 T.IPC 27.69294167 - -

1834-24 T.Large Autosomal 29.10348129 0.101680651 139.039566

1834-24 T.Small Autosomal 22.78603172 14.13763428 139.039566

17

1754-23 T.IPC 28.40914917 - -

1754-23 T.Large Autosomal 30.97937202 0.033446159 36.38529587

1754-23 T.Small Autosomal 26.55533028 1.21694839 36.38529587

18

11857-24 T.IPC 27.78021049 - -

11857-24 T.Large Autosomal 27.37384796 0.283452809 34.22826004

11857-24 T.Small Autosomal 23.36468124 9.702096939 34.22826004

19

43248-24 T.IPC 28.07854462 - -

43248-24 T.Large Autosomal 29.62934685 0.074450895 37.04236221

43248-24 T.Small Autosomal 25.29797173 2.757837057 37.04236221

20

6288-23 T.IPC 27.88058853 - -

6288-23 T.Large Autosomal 22.76756859 4.347402096 6.776962757

6288-23 T.Small Autosomal 21.65751839 29.462183 6.776962757

21

5700-24 T.IPC 27.52523613 - -

5700-24 T.Large Autosomal 29.39518356 0.085535869 123.2788162

5700-24 T.Small Autosomal 23.23667526 10.5447607 123.2788162

22

10623-24 T.IPC 27.41611862 - -

10623-24 T.Large Autosomal 26.42856407 0.496381819 13.13532639

10623-24 T.Small Autosomal 23.97552681 6.52013731 13.13532639

23

55986-23 T.IPC 27.56273079 - -

55986-23 T.Large Autosomal 27.26762962 0.301872462 20.58268166

55986-23 T.Small Autosomal 24.0496006 6.213344574 20.58268166

24

4415-24 T.IPC 27.99567986 - -

4415-24 T.Large Autosomal 22.76561165 4.352447987 8.263043404

4415-24 T.Small Autosomal 21.35101891 35.96446609 8.263043404

25

15233-24 T.IPC 28.12033653 - -

15233-24 T.Large Autosomal 22.47094536 5.183064461 13.0022049

15233-24 T.Small Autosomal 20.38585472 67.39126587 13.0022049

3.2. Forensic Relevance

In the case of samples with a low degradation index (DI), it is possible to obtain
complete STR profiles that are fully compatible with identification systems such as CODIS
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and ESS [27–29]. Such profiles provide high discriminatory power and enable unambiguous
personal identification as well as reliable database comparisons.

However, in severely degraded samples, conventional STR typing often fails due to
allele dropout, preferential amplification of shorter loci, and reduced overall information
content. In such cases, the application of modern SNP panels analyzed by next-generation
sequencing (NGS) becomes essential. SNP markers offer significant advantages in the anal-
ysis of degraded DNA because they can be targeted with very short amplicons (60–100 bp),
increasing the likelihood of successful amplification from fragmented material [30–32].
Moreover, SNPs provide additional utility in kinship testing and ancestry inference, ex-
panding their forensic value beyond classical STR-based identification.

NGS further enhances this approach by allowing the simultaneous multiplexed analy-
sis of hundreds to thousands of SNPs, combined with bioinformatic algorithms that correct
for damage-induced artifacts typical of FFPE and other archival samples. This makes
SNP/NGS-based analysis a powerful complementary strategy in forensic casework, espe-
cially when working with archival histopathological blocks or highly degraded biological
material [33–36].

The number of detected STR alleles was compared across FFPE-derived DNA sam-
ples. The bar chart illustrates the allelic recovery per sample, highlighting differences in
amplification success and the variability in STR profile completeness (Figure 2).

Figure 2. Number of successfully amplified STR alleles per FFPE sample.

The STR profiles obtained from the analyzed FFPE samples (Tables 2 and 3) exhibited
considerable variability in terms of completeness and amplification quality.

Table 2. Results of amplification using the GlobalFiler individual identification system (Applied
Biosystems).

Locus/Sample 2104-24 24387-24 15330-24 27577-24 17486-24 15233-24 10623-24

D3S1358 15,16 14,16 16,18 16,17 15,16 16,17 14,16

vWA 14,15 15,17 14,16 15,16 15,17 17,18 14,18

D16S539 13 - - 12,13 - 13 -

CSF1PO - - - 12,13 - - -

TPOX - - - 8 - 12 -

INS/DEL - - - - - - -

AMELO XX XX XX XX XX XX XX

D8S1179 14,16 12,13 14,15 12,13,14,15 12,13 11,16 10,13

D21S11 30,30.2 29,31.2 28,29 31.2,33.2 - 30 32.2
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Table 2. Cont.

Locus/Sample 2104-24 24387-24 15330-24 27577-24 17486-24 15233-24 10623-24

D18S51 15 16 19 13,14 - 14,15 -

DYS391 - - - - - - -

D2S441 10,14 10,11 11,14 11,13,14 11,14 14 10,14

D19S433 14,15.2 13,14 15 12,13 12,15 12,15 14,16

TH01 9.3 9.3 - 9.3 - 9,9.3 9,9.3

FGA 21,25 19 22 22,23 22 22 21

D22S1045 14,16 12,15 16 12,15 16 11 15

D5S818 9,10 10,12 11,12 9,11,12,13 12,13 12,13 12,13

D13S317 - 11 9,10 9,11 - 8,10 -

D7S820 8 9,10 9,11 7.3,10 - - 10

SE33 - 24.2 - 14,20 - - -

D10S1248 14,16 15,17 13,16 13,17 12,13 14 14,15

D1S1656 13,14 12,14 12,17.3 - 16 15,17.3 16,17.3

D12S391 - 16,22 - 22 21 17.3,21 23

D2S1338 - - - 19 - 16 -

Locus/Sample 816-24 780-24 7622-23 6288-23 3445-23 4415-24

D3S1358 14 13,16 15 15,18 15,17 16

vWA 17 17 15,18 15,18 14,16 16,17

D16S539 - - 13 11 - 12

CSF1PO 11 - - - - 10,11

TPOX - - - - - -

INS/DEL - - - - - -

AMELO XX XX XX XX XX XX

D8S1179 10,12 10,14 10,13 13,14 10,14 10,14

D21S11 29,32.2 - 30,32.2 29,30 33.2 29,31.2

D18S51 16,17 - - 13,15 16 -

DYS391 - - - - - -

D2S441 10,11 10,14 11.3,14 10,11 10,11 10,11

D19S433 13,15 14,15 15,16.2 12,16.2 14.2,15 14,15

TH01 7,9.3 6 9.3 9 9.3 7,9

FGA 22 23 23,24 20,21 24 21,22,23

D22S1045 14,16 16 11,12 14,17 11,15 16,17

D5S818 11,13 11,12 10,12 12,13 9,12 11,12

D13S317 10,13 8,10 - 9,13 8,10 8,10

D7S820 - 10 9 8,11 11 8,12

SE33 - - - - - 29.2,30.2

D10S1248 14,17 13,14 13,16 13,16 13,14 14,15

D1S1656 18.3 14,16 16.3,17.3 11,17 13,15 14,16.3

D12S391 - - 20 18 17 -

D2S1338 - - - 16 - -
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Table 3. Summary of STR Profile Completeness—FFPE Samples.

Sample Name Number of STR Loci Profile Status Recommendation

2104-24 18 Complete profile Suitable for STR-based identification

24387-24 19 Complete profile Suitable for STR-based identification

15330-24 17 Complete profile Suitable for STR-based identification

27577-24 18 Complete profile Suitable for STR-based identification

17486-24 16 Complete profile Suitable for STR-based identification

15233-24 14 Partial profile Potential identification, validation recommended

10623-24 17 Complete profile Suitable for STR-based identification

816-24 10 Partial profile Useful for exclusion or SNP comparison

780-24 9 Partial profile Suitable for SNP or mtDNA analysis

7622-23 11 Partial profile Applicable for kinship comparisons

3445-23 7 Fragmented profile Re-isolation/miniSTR suggested

4415-24 6 Fragmented profile Incomplete, mtDNA may be considered

6288-23 7 Fragmented profile Unusable as is, consider SNP/mtDNA

Analysis of the STR profiles derived from FFPE material revealed substantial hetero-
geneity in both completeness and data quality. In some cases, relatively rich profiles were
obtained, encompassing a dozen or more markers (e.g., 2104-24, 27577-24, 6288-23, 4415-24),
which may be applicable in both individual identification and kinship analysis. However,
in certain samples, the presence of more than two alleles in a single locus was observed
(e.g., D8S1179 and D5S818 in sample 27577-24, FGA in sample 4415-24), which may reflect
formalin-induced artifacts or indicate potential DNA mixtures.

A considerable number of samples yielded only partial profiles, with extensive allele
dropout and single alleles present in heterozygous loci. Examples include samples in
which the number of identified markers was very limited (e.g., 17486-24, 15233-24, 780-24,
3445-23). Such results considerably limit their usefulness for individual identification, but
they may still provide supportive information in genealogical and kinship analyses.

In summary, STR profiles obtained from FFPE samples were, in most cases, frag-
mentary and burdened with interpretational uncertainty due to allele dropout and the
occurrence of additional alleles. Only a few samples allowed for the generation of profiles
with potential individual identification value. In forensic practice, such results are primarily
applicable in kinship analyses. Full exploitation of FFPE-derived DNA requires alternative
approaches, such as miniSTRs, SNP panels analyzed by next-generation sequencing (NGS), or
mitochondrial DNA analysis, which are better suited for highly degraded genetic material.

For the remaining samples, no amplification of STR markers was obtained, which
is fully consistent with the DNA quantification results. The elevated Degradation Index
(DI) values indicated the presence of only short DNA fragments, with a near-complete
absence of longer sequences required for amplification of STR loci. Consequently, despite
PCR being performed under standard conditions, no detectable signals corresponding to
genetic markers were observed, reflecting the insufficient quantity of intact DNA capable
of successful amplification. These findings confirm that in cases of severely degraded
FFPE-derived material, conventional STR systems may yield no informative results, and
alternative approaches targeting shorter amplicons, such as mini-STRs, SNP panels, or
mitochondrial DNA analysis, should be considered.
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From a forensic perspective, STR profiles obtained from FFPE tissues carry limited
value for direct individual identification. Complete profiles, suitable for database compar-
isons in CODIS or ESS, were achieved only in rare cases. More commonly, partial profiles
were recorded, prone to interpretational errors associated with allele dropout, additional
alleles, and low signal quality. Nevertheless, even fragmentary results may represent a
valuable source of information in kinship analysis, especially when compared with profiles
obtained from related individuals.

As mentioned above, FFPE material demonstrates significant limitations in conven-
tional STR profiling, and its usefulness for individual identification remains restricted.
Nevertheless, in forensic practice, such samples may still provide value in genealogical and
kinship investigations, particularly when complemented by analytical strategies specifically
designed for highly degraded DNA. Approaches employing reduced amplicon size or
alternative genetic targets can mitigate the effects of fragmentation, thereby enhancing the
reliability of the obtained results and supporting the interpretation of data derived from
formalin-fixed tissues.

4. Discussion

DNA profiling from FFPE samples is associated with numerous challenges, including
DNA degradation, low extraction efficiency, and potential sequencing artifacts. Never-
theless, the development of new technologies and analytical approaches, including the
application of artificial intelligence and alternative techniques, opens up new possibilities
for improving the quality and reliability of results obtained from this type of material.

Analysis of Short Tandem Repeats (STRs) from FFPE (formalin-fixed, paraffin-
embedded) samples represents an important tool in forensic genetics [19], molecular
diagnostics [37,38], retrospective studies [39], and personalized therapy selection [40].
Nevertheless, this type of biological material poses a number of analytical challenges,
which are also evident in the obtained results.

In the analyzed profiles, frequent data loss was observed in certain loci (e.g., CSF1PO,
TPOX, DYS391, D2S1338, SE33), reflecting DNA fragmentation and allelic dropout. This
phenomenon, typical for degraded DNA, may lead to misinterpretation of heterozygotes
as homozygotes. Irregular amplification in loci such as SE33 or FGA further highlights the
challenges of working with FFPE-derived DNA. Despite these limitations, most samples
yielded 10–12 informative loci, which remains sufficient for comparative and identification
purposes, although optimization strategies (e.g., miniSTRs, repeated amplifications) are
required to improve reliability.

Many researchers emphasize the problem of DNA degradation in FFPE samples.
Comparative studies have shown that FFPE-derived DNA is of lower quality and shorter
fragment length than cryopreserved samples, with significantly reduced yields [3,36]. More-
over, fixation-induced artifacts, such as cytosine deamination to thymine, can introduce
sequencing errors and compromise data accuracy [22,41]. To address these challenges,
novel approaches, including AI-assisted methods such as the SmartPath system, have
been proposed to optimize tissue selection for macrodissection, thereby improving DNA
recovery and sample purity [42].

The obtained results highlight the need for particular caution when interpreting
STR profiles that include fewer than 15 loci. The literature indicates that as the number
of recovered markers decreases, the discriminatory power of the profile is significantly
reduced, while the risk of misinterpretation increases due to phenomena such as allele
dropout, drop-in, or artifacts associated with DNA degradation [43]. Partial profiles,
especially from degraded material, may still contain useful information; however, they
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require complementary statistical analysis, such as calculating the Likelihood Ratio (LR) or
the Combined Probability of Inclusion/Exclusion (CPI/CPE), which enables an objective
assessment of the evidential value of the obtained data [44,45].

It should also be emphasized that despite numerous technical limitations and the
risk of artifacts, FFPE tissues may represent the only available source of DNA in a range
of forensic contexts. This is particularly relevant in cases of human identification, where
archival histopathological samples may be the only preserved material [1]. In inheritance
disputes, archival paraffin blocks can provide the sole means of obtaining the DNA profile
of a deceased person in order to resolve questions of succession. Likewise, in cases of
missing persons or suspected medical malpractice, FFPE material serves as a valuable
source of information, enabling retrospective genetic analysis. Publications addressing
the use of paraffin-embedded samples in forensic investigations clearly indicate that,
despite the technical challenges associated with DNA degradation, this approach holds
significant practical value and is increasingly supplemented with miniSTR, SNP, and
next-generation sequencing (NGS) analyses. These complementary approaches allow for
improved recovery of genetic information from highly degraded material, enhance the
discriminatory power of partial profiles, and provide additional layers of evidence that can
strengthen forensic and clinical interpretations, particularly in retrospective or otherwise
challenging cases [4,8,35,46].

Despite its limitations, the forensic significance of FFPE tissues remains considerable—
particularly in cases where no other sources of DNA are available. Modern approaches,
such as miniSTR, qPCR, and Next Generation Sequencing, together with advances in
bioinformatics, substantially improve the analysis of FFPE-derived DNA. These methods
help to overcome the limitations associated with degradation and fragmentation, thereby
increasing the reliability and evidential value of the results in forensic and clinical contexts.

Our study also demonstrates the practical advantages of the Maxwell® RSC Xcelerate
DNA FFPE Kit. The system is automated, user-friendly, and time-efficient, enabling
the simultaneous extraction of up to 48 samples. These features make it attractive for
forensic and clinical laboratories that process larger sample sets, offering reproducibility
and reduced risk of contamination compared to manual protocols.

In conclusion, while DNA from FFPE material remains technically challenging due
to degradation and fixation artifacts, its forensic and clinical relevance is considerable—
particularly when no other sources of DNA are available. The integration of modern
approaches, including miniSTRs, qPCR, NGS, and bioinformatics pipelines, significantly
improves the reliability and evidential value of FFPE-derived profiles. The tested auto-
mated extraction kit further enhances workflow efficiency, supporting its potential role in
routine applications.

5. Conclusions

1. FFPE tissues can be effectively utilized in STR profiling; however, this requires a careful
approach for result validation and protocol optimization. Critical steps include the use
of optimized DNA extraction methods, quality assessment of DNA prior to PCR, and
cautious interpretation of results due to potential dropout and artifact occurrence.

2. The utility of FFPE samples depends primarily on the degradation index (DI), the
number of amplified loci, and DNA concentration. Samples with DI < 10 and a
concentration > 5 ng/μL can be used for full STR analysis, whereas for samples with
DI > 50, alternative approaches such as SNP analysis, miniSTR, or mtDNA analysis
should be considered.
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3. DNA profiling from FFPE tissues in forensic practice carries inherent risks due to
DNA degradation, but it can still provide valuable information when no other sources
are available.

4. Our study indicates that the Maxwell® RSC Xcelerate DNA FFPE Kit provides a con-
venient and efficient tool for DNA isolation from formalin-fixed, paraffin-embedded
tissues. The automation of the process, the capacity to isolate up to 48 samples si-
multaneously, and high reproducibility make it an attractive solution for forensic
and clinical laboratories, even though the obtained STR profiles are often partial and
require careful interpretation.
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Abstract: Background/Objectives: Advancements in DNA profiling have made it possible
to retrieve intact DNA profiles from increasingly minute biological samples. This increased
sensitivity in DNA detection has highlighted crucial considerations to be made when
handling and packing items from the crime scene to minimize potential contamination
from either direct or indirect transfer of DNA. To investigate potential DNA transfer
between items stored within the same evidence package, we conducted a simulation study
with items commonly encountered during forensic casework. Methods: Participants were
grouped in pairs, each of them handling the same type of item to simulate the activity
conducted at the crime scene. The items were then collected from each pair of participants
and stored in the same evidence package for 4 to 5 days. To evaluate the basal DNA transfer
between items within the same package, the packed items were not subjected to friction,
force, or long-distance movement in this study. Results: We have observed the occurrence
of DNA transfer on 39% of the studied items inside the package, which changed the source
attribution of the DNA profiles for 10% of the recovered samples. Our results showed that
the types of items were associated with the number of transferred alleles and the amount
of DNA recovered, while no association was found between the number of transferred
alleles and the amount of DNA on the studied items. Conclusions: Taken together, the
results from this study reiterate the importance of packing each item from the crime scene
separately, especially when packing items together may impact the interpretation of source
attribution.

Keywords: forensic DNA; DNA transfer; touch DNA; evidence packaging

1. Introduction

Biological samples with low levels of DNA have sometimes been referred to as “trace
DNA” as their specific source cannot be determined, or “touch DNA” as “touching” is
assumed to be the activity that left these samples behind.

DNA deposited by “touch” is often assumed to come from cells sloughed off from
the outermost layer of skin [1]. Attributed to the active process of desquamation, an adult
human can shed as many as 1000 cells/cm2/hour in a continuous manner, leading to the
loss of up to 1 billion corneocytes from the body each day [2].

Despite the large number of shed cells, the recovery of full DNA profiles from finger-
prints, a typical source of touch DNA, was first demonstrated only in 1997 in the seminal
paper by Van Oorschot and Jones [3]. Even with this ground-breaking discovery and the
subsequent progress in touch DNA studies, it was still challenging to apply earlier DNA
profiling technologies to solve criminal cases involving touch DNA.
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This challenge likely arose due to a combination of two aspects of touch DNA. Firstly,
most of the shed cells may be anucleate, as the outermost layer of the epidermis consists
of fully differentiated keratinocytes which have lost their nuclei during the keratinization
process [4]. Therefore, detectable DNA may only come from a limited number of nucleated
epithelia, free nuclei from degraded cells, and cell-free DNA. Secondly, the amount of DNA
deposited onto an item through touching or handling can be affected by various factors,
such as duration of contact, nature of contact, and the shedder status of an individual.
These factors may explain the wide range of touch DNA—from 0 ng to 75 ng—that has
been reported to be recovered from items after regular use by an individual [5] and the
difficulty in obtaining an interpretable profile from touch DNA with quantities at the lower
range. With recent improvements in DNA profiling technologies, such as the use of newer
DNA analysis kits and genetic analyzer platforms, the sensitivity of DNA detection and the
probability of obtaining interpretable DNA profiles from touch DNA samples have been
dramatically enhanced.

However, these improvements in DNA analysis would also lead to the detection
of small amounts of transferred DNA unrelated to the crime, such as background DNA
deposited by activities prior to the crime or other DNA introduced through secondary
DNA transfer. Nonetheless, this transferred DNA would complicate inferences that can be
drawn from the DNA evidence. Hence, it is also necessary to address the probability of
DNA transfer when evaluating the DNA evidence.

DNA transfer can occur when two items are placed together with direct contact. This
may happen during the evidence collection process when multiple items from the crime
scene are packed and transported together. Previous studies have reported the possibility
of DNA transfer from a packed item to the interior of the evidence packaging, as well as
between items stored within the same package [6]. However, several of these studies only
examined DNA transfer using biological fluids with high levels of DNA, such as blood and
saliva, while other studies involving touch DNA only evaluated the DNA transfer from the
packed item to the interior of the packaging, but not amongst the items themselves [7].

In this study, we have assessed the occurrence of DNA transfer between two items that
had been packed within the same package, a scenario that can occur during the handling
and packing of evidence items by law enforcement. This study was conducted in response
to a real operational issue, which led to a need to inform both law enforcement and the
courts what can happen when exhibits are packed and stored together. As such, we focused
on evaluating the basal rate of DNA transfer when items were packed together instead
of mimicking the friction, temperature, and movement involved during long-distance
transport of the packaged items from the crime scene to the laboratory.

2. Materials and Methods

2.1. Preparation of Mock Casework Items

Nine types and a total of 94 items commonly encountered in casework were used in
this study (Table 1). These items were divided into two groups to study DNA transfer
pertaining to touch DNA and/or saliva. All items, except paper and cigarette butts, were
rendered ‘DNA-free’ by soaking in 1 g/L sodium hypochlorite for 2 h, followed by soaking
in ultrapure water (Milli-Q water; 18.2 MΩ·cm resistivity) (Merck Millipore, Burlington,
MA, USA) for 4 h.

To assess if DNA was present on the items prior to conducting this study, the surfaces
of randomly selected items for each type, except cigarette butts, were swabbed and pro-
cessed as described in Section 2.3. Additionally, one 15 × 11 cm paper envelope, three 24 ×
16 cm paper envelopes, and one 31 × 21 cm paper envelope, which were used as packaging
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for the mock casework items, were also randomly selected, and the interior surfaces of
these paper envelopes were swabbed and processed as described in Section 2.3.

Table 1. List of different types of items used in this study. Number of each item in groups A and B,
and the way they were used.

Item N Way of Use Note

Group A

Cotton glove 16 Worn for whole day for ≥2 days Interior of glove facing out
when placed in envelope

Latex glove 6 Worn for ≥1 h Interior of glove facing out
when placed in envelope

Lighter 10 Held for 1 min and rolled the wheel at least 3 times
every hour for 6 h

Paper 10

Wrote 3 sentences on it (landscape) and folded it
twice, with each fold bringing shorter ends to each
other, unfolded, and pressed down on the table
(blank side in contact with the table) to mimic a
debt collector pressing the paper onto the door of
the debtor’s house before fixing it with
adhesive tape.

Folded form when placed
in envelope

Plastic straw for drug
packing 10 Cut and heat sealed

Re-sealable bag 6 Touched ≥ 5 times within a day
Syringe 10 Opened cap and plunged 3 times, then capped back

Group B

Cigarette butt 10 Held as when smoking Provided by participants
after smoking

Plastic straw for drinking 16 Used to drink beverage

Total 94

2.2. Experimental Design

This study sought to examine the occurrence of DNA transfer between casework items
that may have been packed together into a single package (graphically summarized in
Figure 1).

Two identical items (e.g., gloves) were allocated to a pair of participants. Each of the
43 participants independently used their allocated item in a manner that could mimic its
utility in a crime event (Table 1). The items were then collected from the pair of participants
and placed into a single envelope package for 4 or 5 days.

In this design, each participant is concurrently a “user” (i.e., participant had direct
contact/handling of one item) and a “partner” (i.e., participant’s DNA was transferred to
the other item through co-placement of both items in a common package).

DNA samples were separately collected from all exposed surfaces of each item via
‘double-swabbing’ with wet and dry sterile cotton swabs, with the exception of cigarette
butts. For cigarette butts, 1 cm from the unburnt end of the tipping paper was cut. All
samples were collected 4 days after they were placed in the envelope package, except for
all latex gloves, 10 cotton gloves, and 6 plastic straws for drinking, which were collected
5 days after being placed in the envelope package. The swabs and cuttings from cigarette
butts were stored in microcentrifuge tubes at −21 ◦C prior to extraction.

Informed consent was obtained from each participant involved in this study, and DNA
profiles were obtained from each individual as references. This study has been approved
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by the Domain Specific Review Board of the National Healthcare Group, Ministry of
Health, Singapore.

Figure 1. Experimental design for studying possible DNA transfer between items packed within a
single evidence package. (1.1) Participants were requested to individually handle a list of commonly
encountered casework items to simulate handling at a crime scene. The items included gloves, plastic
straws used for packing drugs, lighters, paper with writing, syringes, cigarette butts, and plastic
straws used for drinking. (1.2) After handling, each participant was randomly paired with another
participant, with whom they had no contact before and after the item handling. As per the illustration
above, two gloves, one from each participant, were collected and placed together into one envelope
to mimic multiple items packed into a single evidence package. The items were kept together for 4 or
5 days before the DNA was collected from the items and analyzed. Each participant is simultaneously
deemed a “user” and a “partner” in each of the experiments, with the “user” being defined as having
direct contact with the item (e.g., glove) and as a “partner” as having only indirect contact with the
item. For example, Contributor A (blue) is a “user” of Glove A since he has directly worn and used
the glove. On the other hand, Contributor A is a “partner” for Glove E (purple) as he had no direct
contact with Glove E, and any traces of Contributor A’s DNA on Glove E would only be possible
through DNA transfer from Glove A to E during storage within the same evidence packaging. For
resealable bags, straws (touch), paper, and syringes, participants were requested to refrain from
washing their hands at least 1 h before the experiment to ensure that as much DNA as possible would
be deposited on the items.

2.3. DNA Processing

DNA extraction was performed using the DNA IQ™ Casework Extraction Kit and the
DNA IQ™ Casework Pro Kit on a Maxwell® FSC instrument (Promega Corporation, Seoul,
Republic of Korea) as per the manufacturer’s protocol [8,9]. DNA yield was estimated
using Quantifiler® Trio DNA Quantification kit (Applied Biosystems, Warrington, UK)
on the QuantStudio™ 7 Flex Real-Time PCR System (Applied Biosystems, Singapore) as
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per the manufacturer’s protocol [10,11]. STR-PCR amplification was performed (29 cycles)
with a GlobalFiler™ PCR Amplification kit (Applied Biosystems, Warrington, UK), as per
the manufacturer’s protocol [12], using 1 ng input DNA or a maximum of 15 μL DNA
extract. Capillary electrophoresis was performed on the 3500 xL Genetic Analyzer (Applied
Biosystems, Ibaraki, Japan) with 3 μL of amplified product injected at 1.2 kV for 24 s.
Results were analyzed using GeneMapper® ID-X v1.2 software.

2.4. Profile Analyses

DNA profiles were interpreted with an analytical threshold of 110 RFU, a stochastic
threshold of 535 RFU, and the number of contributors determined based on the method
used by Szkuta et al. [13]. DNA profiles of the contributors were deemed reportable only
if they met the laboratory’s minimum reporting criteria of 16 alleles before the likelihood
ratio (LR) was calculated using EuroForMix v3.2. The DNA mixture profiles were deemed
to have major and minor contributors when EuroForMix deconvolution showed the major
contributor proportion to be at least 75% of the total DNA contribution. DNA profiles with
four or more contributors were deemed uninterpretable, and no LR was calculated.

Interpreted profiles were then compared with the reference profiles of the participants.
Alleles detected were first attributed to the “user” participant who had directly used the
item, followed by the paired “partner” participant whose item had been co-placed into the
same packaging. Alleles that could not be attributed to either the “user” or the “partner”
were termed as foreign alleles.

2.5. Statistical Analyses

A Kruskal–Wallis test was performed on the association between item type and the
above-mentioned variables. p-value < 0.05 was considered statistically significant. Post-hoc
analysis (Dunn’s Test) was also performed, followed by Bonferroni Correction.

3. Results

3.1. DNA Recovery from Different Types of Items and Biological Materials

A total of 94 samples were recovered from nine types of items (Table 1). These items
were divided into two groups based on the different biological materials recovered. Touch
DNA was collected from items in Group A (cotton gloves, latex gloves, lighters, paper,
plastic straws for drug packing, resealable bags, and syringes) while a mix of both saliva
and touch DNA was concurrently collected from items in Group B (cigarette butts and
plastic straws for drinking).

The amount of DNA recovered from the various types of items is shown in Figure 2.
Touch DNA recovered from items in Group A ranged from 0 ng to 32 ng, with a me-
dian of 3 ng. In comparison, items in Group B yielded more DNA, with the median
DNA amount recovered from cigarette butts and plastic drinking straws being 30 ng and
2.5 ng, respectively.

3.2. Recovery of Alleles That Could Be Attributed to the “User” and the “Partner”

The occurrence of DNA transfer between the two items within the same package was
observed in a total of 37 items (39% of the total number of items) (Table 2). To evaluate
this transfer, the number of alleles attributed to either the “user” or the “partner” was
compared (Figure 3).
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Figure 2. Amount of DNA recovered from different types of items. DNA quantities from nine items
and the respective mean (represented by bold x), median (bold line), and outlier (blue circle).

Table 2. Number of items with at least one allele that could be attributed to the “partner”. Count and
percentage of each item type from Group A (items with touch DNA) and Group B (items with both
touch DNA and saliva) with one or more alleles that could be attributed to the “partner”.

Group Item Type
Count (% of Total Number of
Each Item Type)

A

Cotton glove (n = 16) 14 (88%)

Latex glove (n = 6) 4 (67%)

Lighter (n = 10) 1 (10%)

Paper (n = 10) 2 (20%)

Plastic straw for drug packing (n = 10) 0 (0%)

Resealable bag (n = 6) 5 (83%)

Syringe (n = 10) 2 (20%)

B
Cigarette butt (n = 10) 2 (20%)

Plastic straw for drinking (n = 16) 7 (44%)
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Figure 3. Number of DNA alleles recovered from different types of items. Number of “user” and
“partner” alleles observed on nine items and the respective mean (represented by bold x), median
(bold line), and outlier (blue circle and orange circle).

It was observed that the number of alleles that can be attributed to the “user” was
generally in the higher range of 20 alleles and above for all the studied items (Figure 3). In
contrast, it was observed that the number of alleles that can be attributed to the “partner”
was generally lower than 20 alleles, except for the outliers seen in those samples collected
from cotton gloves, lighters, resealable bags, and plastic straws for drinking.

Significant differences were found in the amount of DNA, number of alleles attributed
to the “user”, and number of alleles attributed to the “partner” among different types of
items (Table 3).

Table 3. Items with significant differences in the amount of DNA, number of alleles attributed to
“user” or number of alleles attributed to “partner” after Kruskal–Wallis test and post-hoc analysis
(Dunn’s Test) with Bonferroni Correction.

Category of Comparison Item (A)
Item with Significant
Difference with Item (A)

Amount of DNA

Cotton glove

Paper

Plastic straw for drug
packing

Syringe

Cigarette butt

Lighter

Paper

Plastic straw for drug
packing

Resealable bag

Syringe

Plastic straw for drinking
Paper

Syringe
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Table 3. Cont.

Category of Comparison Item (A)
Item with Significant
Difference with Item (A)

Number of alleles
attributed to “user”

Cotton glove

Paper

Plastic straw for drug
packing

Syringe

Cigarette butt

Paper

Plastic straw for drug
packing

Syringe

Plastic straw for drinking

Paper

Plastic straw for drug
packing

Syringe

Number of alleles
attributed to “partner” Cotton glove

Lighter

Paper

Plastic straw for drug
packing

Syringe

Cigarette butt

3.3. Interpretation of DNA Profiles

All the DNA profiles were subsequently interpreted, and the interpretation results
are shown in Table 4. Reportable DNA profiles were obtained from a total of 72 items
(77%). The majority of these profiles were attributed to the “user” (62 out of 72 items—86%);
it should, however, be noted that only 33 (53%) of them were single-source, while the
remaining 29 (47%) exhibited additional alleles that could be attributed to the “partner”.
However, based on our laboratory criterion of a minimum of 16 alleles for reporting, the
recovery rate of reportable DNA profiles from the “partner” was relatively low at 10%
(Table 4; 1 attributed to the "partner" plus 8 attributed to a mix of the “user” and the
“partner” making up 9 out of 94 items).

Table 4. Interpretation results of DNA profiles. Count and percentage of the reportable, not reportable,
and uninterpretable profiles. Reportable profiles were further classified into sub-categories depending
on attribution.

Interpretation Count of Sample

Reportable 72 (76.6%)

• Attributed to the “user” 62

• Attributed to the “partner” 1

• Mix of the “user” and the “partner” 8

• Mix of the “user” and foreign person 1

Not reportable 21 (22.3%)

Uninterpretable 1 (1.1%)
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The source attribution of reportable DNA profiles recovered from different types of
items is detailed in Table 5. A total of eight DNA mixtures comprising “partner” and
“user” alleles were recovered from four cotton gloves, one resealable bag, and three plastic
straws for drinking, while one DNA profile attributed to the “partner” was recovered from
a lighter. Interestingly, one DNA mixture was recovered from a plastic straw for drug
packing, whereby alleles of a foreign person were found together with the “user”.

Table 5. Attribution of reportable DNA profiles from items grouped by different types. Count and
percentage of profile attribution for each item type.

Item Type
Attributed to
the “User”

Attributed to the
“User” and the
“Partner”

Attributed to
the “Partner”

Attributed to the
“User” and
Foreign Person

Cotton glove (n = 16) 11 (69%) 4 (25%)

Latex glove (n = 6) 6 (100%)

Lighter (n = 10) 8 (80%) 1 (10%)

Paper (n = 10) 3 (30%)

Plastic straw for drug packing (n = 10) 4 (40%) 1 (10%)

Resealable bag (n = 6) 4 (67%) 1 (17%)

Syringe (n = 10) 3 (30%)

Cigarette butt (n = 10) 10 (100%)

Plastic straw for drinking (n = 16) 13 (81%) 3 (19%)

For items directly handled by “users”, a total of 71 “users” could be included as single
contributors or major contributors. The allele counts ranged from 18 to 42 with likelihood
ratio (LR) values between 3.15 × 105 and 9.3 × 1035, respectively. In contrast, for items that
had not been directly handled by the “partner”, 9 “partners” could be included as major
or minor contributors. In these cases, the allele counts (16 to 42) and LR values (3.83 ×
104 to 3.01 × 1027) were generally lower. As expected, the majority (64 out of 71) of the
“user” LRs were in the quintillions or higher, while only a minority (three out of nine) of the
“partner” LRs exceeded the quintillion mark. Nevertheless, the allele counts and LR values
of the “partner” still provided strong evidence to support their inclusion as a contributor
(Supplementary Materials).

4. Discussion

4.1. The Amount of DNA Does Not Correlate with the Number of Transferred Alleles

In this study, the amounts of DNA recovered from cigarette butts were the highest
among the items, which was possibly due to saliva (with high levels of DNA) being
deposited onto the cigarette butts. Although saliva was likely present on the plastic
straw for drinking, relatively low levels of DNA were obtained. This could possibly be
attributed to the duration of direct contact between the cigarette butts and the mouth of
the participant being longer than that of the straws, which may have led to the deposition
of higher amounts of biological samples on the cigarette butts. Another factor could be
the porosity of the cigarette butt, possibly absorbing/trapping the DNA, unlike the straw,
where the DNA could have been easily wiped off. It should also be noted that DNA
extraction of cigarette butts and plastic straws was different in that DNA was extracted
directly from cigarette butt paper, vis-à-vis plastic straws, where the DNA extraction was
indirect (i.e., from the wet-dry swabs of the straw). As such, the DNA extraction efficiency
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from the cigarette butts may also be higher, thereby giving rise to a higher DNA yield.
Although a much higher amount of DNA was recovered from the cigarette butt than from
the rest of the items, the number of transferred alleles (alleles attributed to the “partner”)
between the cigarette butts in the same package was observed to be similar to that from
the lighters and plastic straw for drug packing (Figure 3), from which only a relatively
low amount of DNA was recovered (Figure 2). As such, no obvious correlation between
the amount of DNA and the number of transferred alleles could be determined, which
suggested that DNA transfer between items may occur in similar ways regardless of the
amount of DNA present.

4.2. DNA Transfer Between Different Types of Items

Our results showed that the majority of the reportable DNA profiles could be attributed
to the “user”, which is expected as direct contact with or handling of an item may deposit
more DNA onto it than that from the secondary DNA transfer in the setting of our study.

For five types of items—cotton gloves, latex gloves, lighters, resealable bags, and
plastic straws for drinking—the number of alleles that could be attributed to the “partner”
(between 0 and 24 alleles, except for the outliers) was comparable with the range of
transferred alleles detected in a previous study [6]. With respect to cigarette butts, Goray
et al. reported observing 1–5 transferred alleles in 37.9% of the samples and 6–10 transferred
alleles in 62.1% of the samples [6]. In comparison, our study showed fewer transferred
alleles between the cigarette butts, possibly because our study only assessed the basal DNA
transfer with shorter distance movement of the evidence package, while the settings in their
study involved longer distance movement, friction, and force. A similar low transfer rate
was observed by Thornbury et al. [14] when they studied DNA transfer without contact
from dried biological materials on different objects. For all objects subjected to tapping
action, the highest transfer rate of saliva was one out of six, while no transfer of touch DNA
was observed.

The number of transferred alleles between plastic straws for drinking was observed to
be higher than that of the cigarette butts, which indicated that DNA transfer may be more
likely to occur between non-porous surfaces than porous surfaces, in corroboration with a
previous report [15].

In the study by Stella et al. [7], where non-porous polyvinyl chloride (PVC) capped
tubes were used to mimic real exhibits, 100% (three out of three tubes) of saliva and 0%
(zero out of three tubes) of touch DNA were transferred from one part of the tube to another
part of the tube through the interior of the package as the intermediate surface. Their results
contrasted with our study involving items often encountered in crime casework—19%
(3 out of 16 plastic straws for drinking) of saliva were transferred to the paired items, and
25% (4 out of 16 cotton gloves), 10% (1 out of 10 lighters), and 17% (1 out of 6 resealable
bags) of touch DNA was transferred to the paired items. The difference could likely be
attributed to the amount of saliva/touch DNA used in their study. In the case of saliva,
Stella et al had used 100 μl (roughly two droplets) of saliva to spot the tube, which would
be substantially more than what would remain on a straw used for drinking. With respect
to the touch DNA, Stella et al. had participants rub an area on the tube with a fingertip,
which would likely have deposited less biological material compared to our study, where
participants handled a larger surface area, e.g., wearing a glove for hours, holding a lighter
while rolling the wheel, and using a syringe.

In general, there were significant differences in the amount of DNA recovered, as well
as the number of alleles attributed to the “user” and “partner” amongst the different types
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of items used in this study. This suggests that item type may be associated with the number
of transferred alleles between two items.

4.3. DNA Transfer Within the Same Package Could Be a Potential Source of Contamination

In this study, DNA transfer between the two items within the same evidence package
was observed in 39% of the recovered samples (Table 2; 37/94 samples). Although the
majority of the interpretable DNA profiles obtained could be attributed to the “user”, 46%
of these profiles also contained additional alleles that could be attributed to the “partner”
(although it was below our laboratory reporting threshold). Moreover, the number of
transferred alleles in this study may be underestimated as shared alleles can exist between
the “user” and the “partner”. In this respect, adoption of massively parallel sequencing
(MPS) techniques (compared to traditional STR genotyping via capillary electrophoresis
techniques) may enable better distinction between the “user” and “partner” in a mixed
DNA sample even if they share the same number of STR repeats [16,17]. Nevertheless,
these results indicate that secondary DNA transfer within the same evidence package can
be a real source of contamination in criminal casework. In addition, other factors commonly
encountered during the evidence collection process may further increase the probability of
DNA transfer within the package, such as long-distance movement and friction amongst
the items packed together [18].

4.4. DNA Transfer May Further Interfere with Downstream DNA Profile Interpretation

Transfer of DNA between two items can alter the DNA profile and consequently
impact the interpretation of source attribution. The impact of DNA transfer occurring
within the evidence package on the interpretation of source attribution in our study was
evaluated. While the interpretation of source attribution was unaffected for most of the
72 items with reportable DNA profiles, likely a reflection of the generally low levels of
DNA being transferred, there were changes in the interpretation of source attribution
for nine items, a non-trivial 12.5% (Table 6). This represents 10% of the items (Table 6;
9/94 samples) and indicates that DNA transfer can indeed influence the interpretation
of source attribution, especially when the initial DNA on the item is in minute quantities.
Additionally, any further DNA lost from these minute quantities due to transfer may
impede our attempt to obtain an interpretable DNA profile from the item.

Table 6. Changes in DNA profile interpretation of source attribution caused by DNA transfer. Count
of the number of items for each of the three different ways the interpretation of source attribution has
been altered by DNA transfer.

Number of Items
Expected Profile If No
DNA Transfer

Observed Profile

1
Not reportable single-source
profile of the “user” but less
than 16 alleles

“partner” being the major
contributor

3 Essentially a single-source
profile of the “user”

“user” and “partner” being
approximately equal
co-contributors

5 Essentially a single-source
profile of the “user”

“user” being the major
contributor and “partner” being
the minor contributor
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This issue of influence on the interpretation of source attribution may be addressed by
evaluative reporting, which is a recent trend in DNA transfer studies [19–21]. Our present
study shares similarities in the investigation of the frequency of detecting the person of
interest, such as the “user” and “partner”. Such frequencies may then be used towards
evaluating the likelihood of direct and indirect transfer when items have been packed
together, though it should be noted that scenarios involving different items packed together
may require further studies.

Furthermore, the current study was focused on the basal rate of DNA transfer between
items packed together, as it was in response to an operational issue and the need to inform
both law enforcement and the courts what can happen when exhibits of the same type are
packed and stored together. As such, it does not address variables such as friction between
items, environmental temperature, and movement of items within the package during
long-distance transport of the packaged items from the crime scene to the laboratory. It also
does not address the issue of the directionality of DNA transfer between different types of
items packed in the same package.

5. Conclusions

The present study highlighted the general DNA recovery and the number of “user”
and “partner” alleles from the different types of items. With more questions being raised
in courts about DNA transfer, e.g., activities that can lead to DNA deposition, quantities
of DNA deposited, and associated probabilities of the deposited DNA being detectable,
it is timely and relevant to assess the impact of DNA transfer occurring when multiple
evidential items are packed in a common package. This study showed that DNA transfer
was observed on 39% of the items (refer to Section 4.3 for details) that had been packed
together, with 10% of the items (refer to Section 4.4 for details) having altered interpretations
(e.g., ‘false inclusion’ on the source attribution). As such, laboratories and law enforcement
agencies would benefit from procedures guiding the individual packaging of each evidence
item to reduce the risk of secondary DNA transfer within an evidence package, leading
to an inaccurate source attribution. One approach may be to pack each evidence item
separately unless the items were found to already be in contact with each other upon
discovery. Another approach could be to collect DNA from the evidence items at the crime
scene itself to minimize potential DNA transfer while transporting the evidence items to
the laboratory.
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Abstract: Background/Objectives:Dense genetic marker panels are increasingly used in
kinship analysis for the identification of distant relatives. As more markers are available,
it is possible to pinpoint IBD segments more precisely and more reliably, ultimately ap-
proaching close to continuously observed IBD. This study investigates the evidential value
obtained for discrimination between common pedigree relationships if IBD is observed con-
tinuously across the autosomal genome without error. In the continuous case, the evidential
value is limited only by the pedigree relationship and the recombination rates. Methods:

We conducted simulations to generate IBD segments across the autosomal genome for
individuals with defined pedigree relationships. The evidential value for relationship
discrimination was then calculated exactly from the underlying model, assuming no geno-
typing error and full genome coverage. Results: The simulations show that the ability to
distinguish pedigree relationships quickly diminishes as relationships become more distant.
First cousins can be distinguished from second cousins with 99.9% accuracy which drops to
94% when distinguishing second and third cousins. Relationships with the same expected
degree of relatedness can be discriminated using continuously observed IBD, although
the effectiveness decreases with more distant relationships. Conclusions: Continuous IBD
observation establishes a theoretical upper bound on the power to distinguish relationships
if a large but finite number of markers is used. The findings provide a benchmark for
evaluating kinship analyses based on finite genetic marker panels.

Keywords: identity by descent; kinship; relationship testing; investigative genetic genealogy

1. Introduction

The use of DNA to estimate family relationships is commonplace in areas ranging
from animal conservation and crop improvement to paternity testing and missing persons
identification [1]. There is a long history of using independent genetic markers and com-
paring the likelihood of the observations under two alternative hypotheses, dating at least
back to Essen-Möller [2,3]. More recently, the use of dense SNP marker panels and direct-
to-consumer genetic testing [4,5] has enabled the identification of more distant relatives,
broadening the scope of applications to large-scale genetic genealogy. On a smaller scale,
these methods have also been adopted in criminal investigations [6,7].

The move from a small number of genetic markers usually residing on different
chromosomes to dense panels that contain many markers on the same chromosome has
required changes to the way the genetic data are interpreted statistically [8–10]. Markers
on the same chromosome can be inherited together, which complicates the calculation of
pedigree likelihoods [11]. At a more fundamental level, there is increased awareness that
the level of relatedness is not just described by the pedigree but can be seen as varying
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continuously throughout the genome if viewed as the distance to their most recent common
genetic ancestor at that location [12]. Although a pedigree-based notion of relatedness is the
most widely used one in everyday life, it is not always the most useful definition in other
contexts. For example, in medical studies realised relatedness may be more relevant than
pedigree-based relatedness when considering genetic factors that influence disease risk
or treatment response [13]. That notwithstanding, the current work adopts the pedigree
perspective motivated by the relevance to human identification. Specifically, we ask the
question: how well can the different pedigree relationships be distinguished using genetic data from
two persons? To shed light on this question, we consider an idealised setting in which it is
possible to observe identity by descent (IBD) continuously along the autosomal genome for
a pair of persons. In practice, it is only possible to observe identity by state (IBS) for discrete
genetic data, and this can be further complicated by genotyping errors. Because a segment
can only be IBD if it is IBS, we may view relationship testing based on genetic marker data
as an inferential problem with incomplete information, where the full information is IBD
observed for a continuous genome. As a consequence, the power of discrimination of a
procedure based on continuously observed IBD serves as an upper bound on what could
be achieved in practice.

To answer the central question of this work, we simulate large numbers of samples
of continuously observed IBD for various pedigree relationships. IBD is observed for
two persons and these persons are assumed to not be related otherwise than through
the pedigree. Based on the simulated data, we estimate how informative the data are for
distinguishing relationships (e.g., first versus second cousins) by studying the empirical
likelihood ratio distributions [14] and related summary statistics. These likelihood ratios
are calculated using an exact likelihood model for the IBD segments. Both the simulations
and calculations make use of the ibdsegments package for R [15]. The code that generates
the results presented in the article is available online (https://github.com/mkruijver/an_
upper_bound_paper_data accessed on 31 March 2025).

The power to distinguish pedigree relationships is assessed in several ways. When
comparing two specific relationships, denoted as H1 and H2, the (log) likelihood ratio
distributions for H1 true and H2 true show how well the relationships can be distinguished
based on the data. If the curves have little overlap, then there is strong discriminative
power. Numerical summaries are also given. Rates of misleading evidence, Pr(LR > 1|H2)

and Pr(LR < 1|H1), inform us how often the evidence from the data is misleading rather
than informative. The median LR’s for H1 true and H2 true inform us how strongly the data
typically support the correct hypothesis. If the rate of misleading evidence is small and
the median LR of the H1 true distribution is large, it is possible to reliably distinguish H1

and H2. Further, we estimate the accuracy of a classifier that assigns H1 when LR ≥ 1 and
H2 otherwise. If H1 and H2 are equally probable, then the accuracy is the average of one
minus the rates of misleading evidence. The accuracy is a single number that summarises
how well relationships can be distinguished. Besides the power to distinguish pairs of
relationships, we also investigate the power to identify the correct relationship from a set
of more than two relationships.

Many previous studies have investigated the power of DNA to distinguish pedigree
relationships if a certain set of markers or specific methodology is used. For example,
Tillmar and Kling recently compared the performance of several SNP kits when used with
different statistical methods [10]. In contrast, we directly study the information content
of the IBD distribution, establishing an upper bound on the potential performance of any
method. As far as we are aware, this is the first attempt to directly apply an exact likelihood-
based approach to observations of continuous IBD segments. The modelling approach and
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assumptions are, however, fairly standard. Specifically, we adopt Haldane’s model for re-
combination [16] which assumes that crossovers occur according to a Poisson process along
the genetic map, and we use sex-averaged recombination rates to simplify calculations.
This approach has been widely used in variants of the Lander–Green algorithm [17,18].
The application to modelling continuous IBD goes back to Donnelly [19], who provided
results about the probability of sharing some DNA for different pedigree relationships,
effectively envisioning today’s investigative genetic genealogy [20]. The current work does
not only consider the probability of sharing some DNA but extends to a complete model
for IBD segment observations.

2. Materials and Methods

2.1. Pedigree Relationships and IBD

We discuss several pairwise pedigree relationships (e.g., half-siblings, first cousins,
etc.). Following the notation of [21], P denotes a pedigree, and a pairwise relationship
between pedigree members a and b is a triple (a, b,P). At any point on the genome,
each pedigree founder can be assigned two founder haplotype labels representing two
homologous chromosomes. Two pedigree members are said to be IBD1 at a location on a
chromosome if they inherited the same founder haplotype. If the pedigree members share
two founder haplotypes, then we say they are IBD2 (or double IBD), and if they do not
share anything, then they are IBD0.

Several pedigree relationships were studied. Figure 1 illustrates some relationships
and their abbreviations. In particular, we refer to the following relationships:

• Linear relationships: These are relationships between a person and their parent, grand-
parent (abbreviated GP), great-grandparent (abbreviated GGP), and so on. Beyond the
GGP, these relationships are abbreviated as GnGP with n = 2, 3, . . .. The GP relation-
ship is referred to as a linear relationship of degree 2, so GnGP is a linear relationship
of degree n + 2.

• Cousin relationships: These are relationships between linear descendants of two full
siblings. First cousins are labelled 1C, second cousins 2C, and so on. Removal is
indicated by the number and the letter R such that first cousins once removed becomes
1C1R. The full sibling relationship could be considered 0th cousins but this relationship
is excluded from this study to simplify the analysis by considering the IBD status to
be binary (0 or 1).

• Avuncular relationships: These are relationships between a person and (descendants
of) a child of their full sibling. The uncle–nephew relationship is abbreviated as
N. Great-nephew is abbreviated as GN. For n ≥ 2, this relationship is abbreviated
as GnN.

• Half-cousin relationships: These are linear descendants of two half-siblings. These
relationships are prefixed with the letter H, for example, H1C2R stands for half first
cousins twice removed.

The ability to distinguish pedigree relationships based on genetic marker data relies
on IBD [22]. For a given pedigree relationship, the expected proportion of a chromosome
that is IBD can be computed. For example, full siblings are expected to share approximately
50% of their autosomal genome IBD on average: about 25% as IBD2 (both alleles identical
by descent), 50% as IBD1 (one allele shared), and 25% as IBD0 (no alleles identical by
descent). The realised quantities are different as a consequence of Mendelian inheritance
and recombination [23]. For example, it is possible that full siblings are not IBD on one
chromosome, while on another chromosome, they are partly IBD1 and partly IBD2.
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Figure 1. Common pedigree relationships. The left-hand side shows half-siblings (abbr. HS) (5, 6)
and full siblings (abbr. FS) (6, 7). Descendants of the full siblings are the nephew (abbr. N) (6, 11)
and great-nephew (abbr. GN) (6, 14). The corresponding half-relationships are HN (6, 10) and
HGN (6, 13). The middle pedigree illustrates cousin relationships 1C (first cousins) up to 5C (fifth
cousins), i.e., pairs of linear descendants of the full siblings (4, 5). The right-hand side illustrates
cousin relationships with removal, e.g., 1C1R stands for first cousins once removed.

2.2. Relatedness Inference

In a recent review, Kling et al. discuss various approaches to infer genetic relationships
between two or more persons [7]. The authors broadly distinguish two categories of ap-
proaches. The exploratory approaches aim to estimate one or more summary statistics from
genetic data that are informative of the degree of relatedness or relationship. This category
covers a wide range of approaches ranging from counting the number of shared alleles at
STR loci [24] or estimating the kinship coefficient using dense SNP data (e.g., [25,26]) to
directly identifying IBD segments using dense [27] or relatively sparse marker sets [28] and
considering their length and/or count [29].

Kling et al. also discuss likelihood ratio approaches where the probability of the
observed data under one hypothesis is compared to the probability of the observed data
under another hypothesis. Likelihood ratio approaches are widely used in paternity test-
ing [30] and other kinship testing using small panels of mostly independent markers [31];
however, these approaches are still emerging for use with denser marker panels for which
the population genetic modelling is more complex [32].

Likelihood ratio approaches can make use of all available data to quantify the evi-
dence for one hypothesis versus a second one [14]. The summary statistics produced in
exploratory approaches are generally not sufficient to convey all the information that is
informative of the data-generating hypothesis. This means that efficiency may be lost
when these exploratory approaches are applied to discriminate between two pedigree
relationships instead of a likelihood ratio-based approach that models all the data. In prac-
tice, likelihood ratio approaches are sensitive to model misspecification and measurement
error, for instance when population genetic assumptions are not met or measurements are
unreliable, which may cause increased rates of misleading evidence [33,34]. A practical
benefit of exploratory approaches is that these may be more amenable to the use of statistics
that can be estimated robustly, for instance when genotyping error or population genetics
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are complicating factors. The distinction between exploratory approaches and likelihood
ratio approaches is blurred by score-based likelihood ratio approaches in which likelihood
ratios are assigned based on summary statistics, or scores, instead of the raw data.

2.3. Continuous IBD

We briefly sketch how computations and simulations involving continuous IBD are
implemented in the ibdsegments package. Further details are available in the package
documentation and the references therein. We applied a likelihood ratio approach where
the data are continuously observed IBD segments without error. We viewed the chromo-
some as a continuum and assumed Haldane’s model of recombination [16] with equal
recombination rates for males and females. For a given pedigree relationship, the IBD state
at a point on a continuous chromosome of length L centiMorgan (cM) is a random variable
(Xt, t ≥ 0) taking values in a finite set S of identity states for 0 ≤ t ≤ L. In the remainder,
we keep the exposition simple and in line with investigative genetic genealogy practice by
considering only the two identity states IBD0 and IBD1: S = {0, 1}. The algorithms and
software used support other choices for the set S of identity states as well. For example, one
could also chose the three states IBD0 to IBD2, the nine condensed, or the fifteen detailed
identity states [35]. The current work was restricted to IBD0 and IBD1, so the IBD state
could be conveniently viewed as an indicator variable, which simplified the methodology.
Because the full sibling relationship had an IBD2 probability greater than zero, it was
not considered.

2.3.1. IBD Vector and the Hidden Markov Model

Applying Haldane’s model for recombination, the IBD process can be seen as a
continuous-time Hidden Markov Model [36], where the observed variable is Xt. The hid-
den component is the binary IBD vector Vt that tracks for each meiosis whether the grand-
paternal or grandmaternal haplotype segment is passed down. See Figure 2 for a schematic
illustration of the relationship between Xt and Vt. This setup is also the basis for the widely
used Lander–Green algorithm [17].

v1 . . . vt1 . . . vtn

x1 xt1 xtn

Figure 2. Hidden Markov Model relating the continuously observed IBD state (Xt) to the underlying
hidden pedigree IBD state (V).

For a pedigree with nn f non-founders, there are 2 × nn f meioses tracked by the IBD
vector, so Vt has length 2 × nn f . Because each element of the vector is binary (0 or 1), there
are 22×nn f =: nv possible IBD vectors. Thus, the state space of the Hidden Markov Model
has nv elements and can be identified with the integers 0, . . . , nv − 1. Note that in practice,
the size of the state space can be reduced by exploiting symmetries [37,38] which further
complicates implementation details. Crossovers for individual meioses have inter-arrival
times with λ = 0.01 crossovers per cM. It follows that the transition intensity qab from state
a to state b of the whole IBD vector with a, b ∈ 0, . . . , nv − 1 is:

qab =

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

− ∑
c �=a

qac, if a = b,

0.01, if Hamming(a, b) = 1,

0, otherwise,
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where Hamming(a, b) denotes the Hamming distance between the binary representations
of integer states a and b (i.e., the number of bits by which they differ). The transition
intensity qab represents the instantaneous rate of transitioning from IBD state a to state b.
The rate qab = 0.01 applies only when the binary representation of a and b differ by exactly
one bit, i.e., differ by one crossover in the pedigree. The diagonal entries qaa are chosen
so that each row of the intensity matrix sums to zero as is required for a continuous-time
Markov process.

2.3.2. Simulating Continuous IBD

For all but the simplest pedigree relationships, the IBD process (Xt) cannot be easily
analysed using standard probability distributions. Although individual meioses yield
exponential inter-arrival times for crossovers, the joint effect of crossovers throughout the
pedigree leads to non-standard IBD segment length distributions. However, it is possible
to simulate large numbers of realisations of Xt at little computational cost by simulating
the individual crossovers represented in Vt and determining Xt from Vt. The ibdsegments

package was used to simulate Mendelian inheritance and crossover for the 22 autosomes.
The simulation procedure worked by randomly flipping bits of the unobserved IBD vector
with exponential inter-arrival times. A sex-averaged genetic map [39] was used with
Haldane’s model for recombination events [16]. For example, Table 1 shows data obtained
from the result of a simulation for a pair of first cousins at a chromosome of length
100 cM. There are 4 non-founders in the pedigree, so there are 8 meioses and 28 = 256
possible IBD vectors. Each row of (a) shows a segment for which the IBD state does not
change. The underlying IBD vector (Vt) is shown in (b). Note that while the table shows
a realisation of the simulation for a single chromosome, the simulations in this study
comprised 22 chromosomes of different lengths.

Table 1. Example of simulated IBD segments for a pair of first cousins on a chromosome of length
100 cM. (a) shows IBD segments only, while (b) shows the full IBD vector as both integer indices and
their corresponding binary representations.

(a) Simulated IBD Segments Only

Start (cM) End (cM) Length (cM) IBD State (Xt)

0.00 5.06 5.06 1
5.06 29.06 24.00 0

29.06 93.94 64.88 1
93.94 100.00 6.06 0

(b) Unobserved IBD vector represented by an integer and the binary representation

Start (cM) End (cM) Length (cM) IBD vector (Vt)

0.00 5.06 5.06 47: [0 0 1 0 1 1 1 1]
5.06 26.69 21.63 63: [0 0 1 1 1 1 1 1]

26.69 27.81 1.12 191: [1 0 1 1 1 1 1 1]
27.81 29.06 1.25 183: [1 0 1 1 0 1 1 1]
29.06 47.96 18.90 167: [1 0 1 0 0 1 1 1]
47.96 49.91 1.96 175: [1 0 1 0 1 1 1 1]
49.91 78.40 28.49 167: [1 0 1 0 0 1 1 1]
78.40 93.94 15.54 135: [1 0 0 0 0 1 1 1]
93.94 100.00 6.06 199: [1 1 0 0 0 1 1 1]

2.3.3. Expectation and Variance of Total IBD

For many relationships, the single point probability distribution of (Xt)—also referred
to as identity coefficients—is reproduced in textbooks, and software tools are available
to compute it for any relationship [40]. We denote the three identity coefficients for IBD0,
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IBD1, and IBD2 as κ0, κ1, and κ2, that is κ1 = Pr(IBD1). In the ibdsegments package, these
identity coefficients can be computed for arbitrary pairs of pedigree members. The package
uses a brute-force algorithm that exhaustively iterates through all possible, equally probable
IBD vectors. For each vector, founder haplotype labels are dropped through the pedigree
to determine if the identity state is realised and the probability has to be incremented.

In the current work, we were also interested in the full stochastic process (Xt, t ≥ 0)
observed continuously over t ∈ [0, L] with Xt taking values 0 and 1 corresponding to
the IBD0 and IBD1 states. For a chromosome of length L, we defined total IBD, T, as the
combined length of all IBD1 segments on the chromosome:

T =
∫ L

0
I{Xt=1} dt, (1)

where IA denotes the indicator function that is 1 for A and 0 otherwise. The expectation
and variance of T can be relatively easily computed. Since Pr(Xt = 1) does not depend on
t, we may write the expected value of T as the product of κ1 and L:

E(T) =
∫ L

0
κ1 dt = κ1L. (2)

The variance of T can be calculated as Var(T) = E(T2) − E(T)2, where the term E(T2)

depends on the joint distribution Xu, Xv for 0 ≤ u, v ≤ L. In Haldane’s model of recom-
bination, this distribution depends only on the distance |u − v|, so we may compute the
variance of T by double numerical integration of the two-locus IBD probability [41–43].

E(T2) =
∫ L

0

∫ L

0
I{Xu=Xv=1} dv du =

∫ L

0

∫ L

0
κ11(|u − v|)dv du, (3)

where κ11(|u − v|) denotes the two-locus IBD probability for loci separated by |u − v| cM.
When more than one chromosome is considered, we denote the total IBD across the

chromosomes as T+. The chromosomes are assumed to be independent so expectations
and variances can be summed.

2.3.4. Probability of No IBD: Pr(T = 0)

Computing the probability of no IBD across a chromosome, Pr(T = 0), requires more
elaborate calculations involving the IBD process. Pr(T = 0) can be written as

Pr(T = 0) = Pr(Xt = 0, ∀t ∈ [0, L]). (4)

The IBD vector has to only take on values for which the observed IBD state is 0; however,
neither the state nor the number of state transmissions (recombination events) are observed.
The probability Pr(T = 0) can be computed by conditioning on the number of recombina-
tion events in the pedigree—Poisson-distributed—and then enumerating all possible paths
that are compatible with no IBD:

Pr(Xt = 0, ∀t ∈ [0, L]) =
∞

∑
k=0

Pr(N = k)Pr(Xt = 0, ∀t ∈ [0, L]|N = k) (5)

=
∞

∑
k=0

Pr(N = k) ∑
v0,...,vk∈V0

pv0

k

∏
j=1

pvj−1,vj , (6)

where
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• Pr(N = k) = exp(−λ)λk/k! since the number of recombination events in the pedigree
is Poisson-distributed, N ∼ Poisson(λ), with λ = 0.01 × L × 2nn f , where nn f is the
number of non-founders in the pedigree.

• The sum over k can be truncated after a finite value kmax. Choosing the 1 − ε-quantile
of the Poisson distribution ensures the truncation error is smaller than ε.

• V0 is the set of paths for which the IBD state remains 0.
• pv0 denotes the prior probability Pr(V0 = v0) of starting in v0. This probability equals

1/nv where nv is the number of IBD vectors.
• pvj−1,vj is shorthand for Pr(Vj = vj|Vj−1 = vj−1).

In practice, explicitly enumerating all possible paths that are compatible with no IBD
and summing over those is not feasible. Instead, the forward algorithm [44] is used to
efficiently compute the probability of the observed sequence under the Hidden Markov
Model. Although the IBD vector at each position is unobserved, only the states in V0 are
considered in the computation. The forward algorithm recursively computes, for each
discrete step m, the probability of being in each compatible hidden state given the obser-
vations up to time m. Let αm(v) = Pr(Vm = v, all observed IBD states up to m are 0) for
v ∈ V0. Then, the forward recursion is given by:

α0(v) = 1/nv, for v ∈ V0,

αm(v) = ∑
u∈V0

αm−1(u)pu,v, for v ∈ V0,

where pu,v = Pr(Vt = v | Vt−1 = u) is the transition probability from u to v. This transition
probability is 1/nn f if u and v differ by one bit and zero otherwise. The recursion proceeds
up to kmax. Finally, the probability of observing no IBD across the entire chromosome is
obtained by summing over the forward probabilities:

Pr(Xt = 0, ∀t ∈ [0, L]) =
kmax

∑
k=0

Pr(N = k) ∑
v∈V0

αk(v). (7)

2.3.5. Likelihoods for IBD Segments

Computing the likelihood of a realisation of the continuous IBD process (such as
displayed in Table 1) is approached similarly. As in the previous section, the key idea
is to use the forward algorithm to efficiently sum over all unobserved IBD vectors that
are compatible with the observed IBD segments. Let t1, . . . , tn be the endpoints of the n
segments, and let xi denote the IBD status of the segment ending at ti. The likelihood of
the segment observations can be computed iteratively for each segment where the IBD
vector is captured in the probability of Vt at the start of the segment. Writing vi− for the
unobserved state at the start of segment i,

Pr(x, t) = Pr(x1, t1, . . . , xn, tn|H) (8)

= Pr(x1, t1|H)
n

∏
i=2

Pr(xi, ti|x1, . . . , xi−1, t1, . . . , ti−1, H) (9)

=
n

∏
i=1

∑
vi−∈Sxi

Pr(xi, ti|vi−, H)Pr(vi−|x1, . . . , xi−1, t1, . . . , ti−1, H). (10)

The probabilities Pr(xi, ti|vi−, H) are computed analogous to the method of the previous
section by summing over the forward probabilities. The probabilities of vi− are also
obtained from the forward pass. Finally, since chromosomes are assumed to be independent,

125



Genes 2025, 16, 492

the likelihood ratio for a whole genome observation is the product of likelihood ratios
per chromosome.

2.3.6. Likelihood Ratios for IBD Segments

After simulating many realisations of the continuous IBD process for all considered
pedigree relationships, we may compute likelihood ratios for the simulated data where H1

is one relationship and H2 is another. This yields an empirical distribution of likelihood
ratios for H1 true and H2 true. Kernel density estimates of the log10 likelihood ratios are
shown in a plot, and numerical summaries are also provided.

We also considered the power to distinguish between more than two relationships.
In this scenario, likelihood ratios are computed for hypothesis pairs of the form where H1 is
a relationship and H2 is all other relationships in the set under consideration. For example,
when considering the relationships GP, HS, and N, we may have the proposition pair:

H1 :HS, (11)

H2 :HS = GP, N. (12)

Assuming equal prior probabilities for all alternatives, the likelihood ratio is then

LR =
Pr(E|H1)

Pr(E|H2)
=

Pr(E|HHS)

Pr(E|HHS)
=

Pr(E|HHS)

1/2 × Pr(E|HGP) + 1/2 × Pr(E|HN)
, (13)

where E denotes the whole-genome continuous IBD segment observations.

2.4. Exploring IBD and Segment Count Distributions

As a first experiment towards answering the main question posed in this work, we
proceeded by establishing an overview of which relationships could be distinguished
reliably on the basis of summary statistics of IBD sharing. For a set of relationships,
the following summary statistics were computed:

• κ1: the probability of (single) IBD at any point.
• The expectation and standard deviation of T+ (total IBD), the combined length (cM)

of all IBD segments.
• The expectation and standard deviation of the segment count.
• Pr(T+ = 0): the probability of not sharing any autosomal DNA across the

22 chromosomes.
• The expectation and standard deviation of N0, the number of chromosomes for which

there is no IBD.

These statistics were exactly computed. Relationships with large differences in the
summary statistics were relatively easily distinguished. However, these summary statistics
did not contain all the information contained in the IBD process, and there were relation-
ships that were distinguishable based on the full data but not based on T+. To illustrate
this, we simulated 100,000 realisations of continuous IBD for all pedigree relationships and
plotted the empirical distributions of the following:

• Segment count: the number of IBD segments across the autosomal genome.
• T+ (total IBD): the combined length (cM) of all IBD segments.

2.5. Empirical LRs for Distinguishing Relationships Using Continuous IBD

The main question of this work was directly investigated by studying likelihood ratio
distributions for continuously observed IBD. The following scenarios were investigated.
First, the power to distinguish relationships with different κ1 was investigated for
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• Linear relationships;
• Cousin-type relationships.

Secondly, the power to distinguish relationships with identical κ1 was investigated for
κ1 = 1/2, 1/4, 1/8.

3. Results

3.1. Exploring Total IBD and Segment Count

The complete pattern of IBD sharing for a pedigree relationship is described by a
complex stochastic process. Fortunately, a large part of the story can be understood by
studying simple summary statistics. Table 2 shows κ1, the moments of T+, the moments
of the segment count, Pr(T+ = 0), and the moments of N0 for various relationships. We
made several high-level observations:

• Close relationships (larger κ1) could be reliably distinguished from distant relation-
ships (smaller κ1) because the distributions of total IBD were well separated.

• As the relationships became more distant, the total expected IBD decreased while
the standard deviation increased relative to the expected value. This means that the
distributions of total IBD had more overlap as relationships became more distant.

• Relationships with identical κ1 had the same expected total IBD. For example, re-
lationships with κ1 = 1/2 included GP, N, and HS, and these were all expected to
share 1696 cM. However, their IBD distributions were not the same as evidenced by
differences in the standard deviations. Thus, it may be possible to distinguish these
relationships based on data beyond total IBD, such as segment count.

• The differences in IBD distributions between relationships with the same κ1 decreased
quickly as relationships became more distant. The standard deviation of total IBD,
Pr(total IBD = 0) and the expected value and standard deviation of the number of
chromosomes without IBD all showed a similar trend of convergence within the
groups of relationships with the same κ1. It was therefore not possible to reliably
distinguish higher-order relationships with the same κ1.

• Many cousin-type relationships such as 2C and 1C2R could not be distinguished
because the IBD distributions were identical. Donnelly [19] considered cousin-type
relationships of the type “sth cousins t times removed” where s ≥ 1 and t ≥ 0 and
showed that the IBD distribution depended on 2s + t.

• For higher-order relationships, there was a substantial probability that no DNA was
shared at all. For fifth cousins, there was about a 69% probability of not sharing DNA.
For fourth cousins, this probability was about 30%.

Segment count is a useful statistic to distinguish relationships when the expected total
IBD is identical. Figure 3 shows box plots of total IBD and segment count for 100,000 simu-
lations of continuous IBD for the studied pedigree relationships. The figure demonstrates
the extra resolution gained from considering the number of segments on top of total IBD.
In particular, we observed the following:

• GP, HS, and N (all with κ1 = 1/2) had mostly overlapping total IBD distributions but
could be distinguished based on segment count.

• GGP, HN, GN, and 1C (all with κ1 = 1/4) had mostly overlapping total IBD distribu-
tions and partly overlapping distributions of segment count.

• There appeared to be limited information in the segment count for distinguishing
relationships with κ1 smaller than, say, 1/4.

• As relationships become more distant, both the distributions of total IBD and segment
count became highly skewed.
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Table 2. IBD distributions summarised for common pedigree relationships.

Relationship κ1

Total IBD (cM) Segment Count
Pr(T+ = 0)

NTi=0

Expected S.d. Expected S.d. Expected S.d.

GP 1/2 1695.68 243.48 27.96 3.38 4.455 × 10−22 2.67 1.51
HS 1/2 1695.68 188.64 44.91 4.44 8.326 × 10−37 0.80 0.86
N 1/2 1695.68 174.35 53.39 4.94 2.091 × 10−43 0.49 0.68

GGP 1/4 847.84 196.31 22.46 4.02 2.264 × 10−12 6.80 2.13
HN 1/4 847.84 173.26 30.94 4.99 1.512 × 10−15 5.03 1.93
GN 1/4 847.84 167.35 35.17 5.56 1.828 × 10−16 4.61 1.87
1C 1/4 847.84 148.60 39.41 5.24 1.148 × 10−21 2.95 1.55

G2GP 1/8 423.92 139.15 15.47 3.89 1.903 × 10−7 11.07 2.31
H1C 1/8 423.92 127.39 19.71 4.61 9.641 × 10−9 9.74 2.29
G2N 1/8 423.92 124.22 21.83 5.05 3.854 × 10−9 9.37 2.27
1C1R 1/8 423.92 115.34 23.95 5.02 1.425 × 10−10 8.16 2.22

G3GP 1/16 211.96 94.45 9.85 3.36 0.0001 14.66 2.18
H1C1R 1/16 211.96 87.97 11.97 3.86 2.860 × 10−5 13.79 2.24
G3N 1/16 211.96 86.14 13.03 4.16 1.808 × 10−5 13.52 2.25
2C 1/16 211.96 81.46 14.09 4.19 4.761 × 10−6 12.76 2.28

G4GP 1/32 105.98 63.05 5.99 2.72 0.0050 17.33 1.90
H2C 1/32 105.98 59.33 7.05 3.05 0.0025 16.80 1.97
G4N 1/32 105.98 58.22 7.58 3.25 0.0019 16.62 2.00
2C1R 1/32 105.98 55.62 8.11 3.29 0.0011 16.18 2.05

G5GP 1/64 52.99 41.86 3.52 2.12 0.0460 19.14 1.57
H2C1R 1/64 52.99 39.66 4.05 2.33 0.0322 18.84 1.64
G5N 1/64 52.99 38.98 4.32 2.46 0.0283 18.73 1.66
3C 1/64 52.99 37.49 4.58 2.49 0.0211 18.49 1.71

G6GP 1/128 26.49 27.80 2.03 1.61 0.1702 20.30 1.25
H3C 1/128 26.49 26.47 2.29 1.75 0.1415 20.14 1.30
G6N 1/128 26.49 26.04 2.42 1.83 0.1321 20.07 1.32
3C1R 1/128 26.49 25.17 2.56 1.86 0.1144 19.94 1.36

G7GP 1/256 13.25 18.51 1.15 1.21 0.3653 21.02 0.97
H3C1R 1/256 13.25 17.70 1.28 1.30 0.3319 20.93 1.01
G7N 1/256 13.25 17.42 1.34 1.35 0.3200 20.89 1.02
4C 1/256 13.25 16.90 1.41 1.37 0.2979 20.82 1.05

G8GP 1/512 6.62 12.37 0.64 0.89 0.5674 21.44 0.74
H4C 1/512 6.62 11.87 0.71 0.95 0.5400 21.39 0.77
G8N 1/512 6.62 11.69 0.74 0.99 0.5296 21.37 0.78
4C1R 1/512 6.62 11.38 0.77 1.00 0.5110 21.34 0.80

G9GP 1/1024 3.31 8.30 0.35 0.66 0.7293 21.69 0.56
H4C1R 1/1024 3.31 7.99 0.39 0.70 0.7109 21.66 0.58
G9N 1/1024 3.31 7.87 0.40 0.72 0.7037 21.65 0.59
5C 1/1024 3.31 7.68 0.42 0.73 0.6912 21.63 0.60

As a final exploratory remark, we further illustrate differences between the IBD
distributions of GP, HS, and N on a single chromosome. Assume that two persons are IBD
at the start of a chromosome and consider the probability density function of the length of
the segment, i.e., the distance until a recombination event disrupts the IBD. Figure 4 shows
this probability density function (left) and the corresponding hazard rate [45,46] (right).
For a continuous random variable with density f (x), x ≥ 0 and distribution function
F(x) = Pr(X ≤ x), the hazard rate is h(x) = f (x)

1−F(x) = f (x)
S(x) , where S(x) = 1 − F(x) is

the survival function. The hazard rate represents the instantaneous rate at which two
individuals switch from being IBD to not IBD, given that they were IBD up to that specific
point on the chromosome. In our simulations, we observed the following:

• For HS, IBD occurred if and only if the shared parent passed down the same DNA to
both offspring. Two meioses could break the IBD, so the segment length followed an
Exp(0.02) distribution with a constant hazard rate of 0.02.
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• For GP, only one meiosis broke the IBD, so the segment length followed an Exp(0.01)
distribution with a constant hazard rate of 0.01.

• For N, there were two cases. Either the parent and uncle (who are siblings) were
double IBD or single IBD. If they were double IBD, then it did not matter whether
the grandpaternal or grandmaternal segment was transmitted from the parent to the
nephew (this did not break the segment); however, two meioses broke the segment,
yielding a hazard rate of 0.02. In the single IBD case, there were three meioses that
broke the segment, and the hazard rate was 0.03. Both cases were equally probable
at the start of the segment, so the hazard rate was 0.025. However, as the segment
progressed, the double IBD could become a single IBD and vice versa without breaking
the segment. Over longer segment lengths, the probability of being in the double IBD
state increased, which slightly reduced the hazard rate.

Figure 3. Realised total IBD (cM) and segment count for 100,000 simulations of pedigree relationships.
Some relationships with the same expected degree of IBD such as N, GP, and HS can be distinguished
based on segment count. As relationships become more distant, segment count quickly becomes less
useful to distinguish between relationships with the same expected degree of IBD sharing.

Figure 4. Segment length distributions at the start of a chromosome for three relationships with
κ1 = 0.5: grandparent–grandchild, half-siblings, and uncle–nephew.
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3.2. Distinguishing Linear Relationships Using Continuous IBD

First, likelihood ratio distributions are presented for distinguishing linear relationships
of degree d and d + 1 for d = 2, . . . , 5 based on continuous IBD. Note that d = 2 is the
grandparent relationship, and d = 5 is the great-great-great-grandparent relationship.
Figure 5 shows kernel density estimates of the log likelihood ratio distributions for H1 true
and H2 true for d = 2, . . . , 5. As expected, the curves for H1 true and H2 true had more
overlap as d increased, indicating that these relationships were less distinguishable. When
distinguishing between grandparents and great-grandparents, likelihood ratios were often
in the millions or more for H1 true, although the range was substantial. Distinguishing great-
grandparents (d = 3) from great-great-grandparents (d = 4) was harder, with likelihood
ratios typically in the hundreds or thousands when H1 was true (the median was just
under 200). Further numerical summaries are presented in Table 3. Notably, the accuracy
decreased from 98% when distinguishing second- and third-degree linear relationships to
77% when distinguishing linear relationships of fifth and sixth degree.

Figure 5. Kernel density estimates of 10,000 draws from LR distributions for distinguishing linear
relationships of order d and d + 1 for H1 true (solid curves) and H2 true (dashed curves).

Table 3. Summary of 10,000 draws from LR distributions for distinguishing between linear relation-
ships of order d and d + 1.

H1 H2 Htrue Pr(LR > 1) Pr(LR < 1) Median log LR Accuracy

d = 2 d = 3 H1 0.9837 0.0163 4.1709 0.983H2 0.0177 0.9823 −3.5500

d = 3 d = 4 H1 0.9069 0.0931 1.7197 0.9123H2 0.0824 0.9176 −1.4897

d = 4 d = 5 H1 0.8337 0.1663 0.9137 0.8397H2 0.1544 0.8456 −0.8139

d = 5 d = 6 H1 0.7545 0.2455 0.4865 0.7743H2 0.2060 0.7940 −0.4883

3.3. Distinguishing Cousin Relationships Using Continuous IBD

Figure 6 shows boxplots of 10,000 draws from the LR distributions for distinguishing
between cousin relationships of degree one to five. Boxplots were used instead of density
estimates, because there were many samples with no IBD segments at all, especially for
fifth cousins, which caused a point mass in the LR distribution. The boxplots show that
first cousins could be distinguished from second cousins with LRs often in the billions
in favour of the correct relationship. Distinguishing second cousins from third cousins
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was considerably harder with LRs typically in the hundreds or thousands. A numerical
summary of the same data is presented in Table 4. The table shows that the rate of
misleading evidence increased sharply for higher-degree cousins. There was about a
6% chance of misleading evidence when distinguishing second and third cousins. This
increased to 30% when distinguishing fourth from fifth cousins.

Figure 6. Boxplots of 10,000 draws from likelihood ratio distributions for distinguishing between sth
and (s + 1)th cousins for H1 true and H2 true.

Table 4. Summary of 10,000 draws from LR distributions for distinguishing between cousin
relationships.

H1 H2 Htrue Pr(LR > 1) Pr(LR < 1) Median log LR Accuracy

1C 2C H1 0.9986 0.0014 8.5754 0.9990H2 0.0007 0.9993 −7.6095

2C 3C H1 0.9342 0.0658 2.4376 0.9421H2 0.0501 0.9499 −1.8169

3C 4C H1 0.7770 0.2230 0.7456 0.8119H2 0.1532 0.8468 −0.6617

4C 5C H1 0.7009 0.2991 0.1516 0.6980H2 0.3049 0.6951 −0.3655

3.4. Distinguishing Relationships with Identical κ1

It is well known that the total IBD length is informative of the degree of the rela-
tionship. It is not clear how much information there is in the IBD segments besides their
combined length, especially when it comes to distinguishing relationships with the same
κ1. Likelihood ratio distributions for distinguishing relationships with κ1 = 1/2, κ1 = 1/4,
and κ1 = 1/8 are presented in Figure 7. Numerical summaries are provided in Table 5.
For each set of relationships with identical expected total IBD (identical κ1), 100,000 random
samples of the likelihood ratio distributions were taken for H1 true and H2 true. H1 was
a relationship (e.g., GP), and H2 was the complement of this relationship within the set
of relationships with the same κ1. For example, for H1 : GP, the complement would be
H2 : GP = {HS, N}. The alternatives in the composite hypothesis received equal weight in
the likelihood of H2.

Figure 7 and Table 5 demonstrate clearly that the power to discriminate relationships
with the same κ1 quickly diminished as the degree of the relationships increased. The ac-
curacy decreased and the rates of misleading evidence increased with the degree of the
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relationships. Second-degree relationships (κ1 = 1/2) could be distinguished especially
well. The GP relationship was often distinguished from the others (HS and N) with likeli-
hood ratios in the millions or more; the median was 4.8 on a log10 scale. There was less
information in the IBD process for distinguishing HS and N. This was also apparent from
Figure 3, which showed that the segment count distribution of HS and N had considerable
overlap. Note that the log10 likelihood ratio curves looked jagged, especially for GP (H1

true) and HS (both H1 true and H2 true). This was not an effect of the small sample size
but was caused by point masses in the chromosome-wise likelihood ratio distributions.
For the GP relationship, the expected number of chromosomes with no IBD was 2.67, and
the standard deviation was 1.51 (see Table 2).

Third-degree relationships κ1 = 1/4 were less distinguishable than first-degree rela-
tionships. Again, the linear relationship (GGP) was most distinguishable from the rest;
however, the accuracy for this relationship dropped to 94%, down from over 99% for
second-degree relationships. There was little power to discriminate fourth-degree rela-
tionships κ1 = 1/8. The linear relationship (G2GP) was most separate from the others
and could be distinguished with an accuracy of only 84%. The median log10 LR for that
relationship was less than one for the H1 true samples.

Figure 7. Density estimates of likelihood ratio distributions for distinguishing relationships with
identical κ1 for H1 true and H2 true. For each value of κ1 and each relationship, likelihood ratios
comparing H1 (the relationship) and H2 (another relationship with the same κ1) were sampled
(1,000,000 of each).
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Table 5. Numerical summaries of random samples from LR distributions (H1 true and H2 true) for
distinguishing relationships of the same degree. For each value of κ1 and each relationship, likelihood
ratios comparing H1 (the relationship) and H2 (another relationship with the same κ1) were sampled
(1,000,000 of each).

κ1 H1 H2 Htrue Pr(LR > 1) Pr(LR < 1) Median log LR Accuracy

1/2 GP GP
H1 0.9944 0.0056 4.7944 0.9946H2 0.0052 0.9948 −8.1254

1/2 HS HS
H1 0.9082 0.0918 1.0630 0.8823H2 0.1436 0.8564 −1.7842

1/2 N N
H1 0.9023 0.0977 1.1379 0.8849H2 0.1324 0.8676 −2.5758

1/4 1C 1C
H1 0.8761 0.1239 0.8497 0.8509H2 0.1742 0.8258 −1.1190

1/4 GGP GGP
H1 0.9503 0.0497 1.7242 0.9385H2 0.0734 0.9266 −2.9268

1/4 GN GN
H1 0.8197 0.1803 0.3703 0.7465H2 0.3267 0.6733 −0.3335

1/4 HN HN
H1 0.8213 0.1787 0.4690 0.7637H2 0.2938 0.7062 −0.4700

1/8 1C1R 1C1R
H1 0.7938 0.2062 0.3913 0.7510H2 0.2918 0.7082 −0.3773

1/8 G2GP G2GP
H1 0.8637 0.1363 0.7782 0.8390H2 0.1856 0.8144 −0.9586

1/8 G2N G2N
H1 0.7409 0.2591 0.1702 0.6578H2 0.4253 0.5747 −0.0693

1/8 H1C H1C
H1 0.7375 0.2625 0.1660 0.6346H2 0.4683 0.5317 −0.0322

4. Discussion

Our results demonstrated that the ability to distinguish pedigree relationships quickly
diminished as relationships became more distant. For example, first cousins could be
distinguished from second cousins with 99.9% accuracy, second from third with 94%
accuracy, and this dropped to 81% when distinguishing third from fourth cousins. We
demonstrated that there was useful information in the IBD distribution beyond the total
length of shared segments. This additional information could be used to distinguish
relationships with the same degree. This was effective for distinguishing second-degree
relationship. Grandparents could be separated from half-siblings and nephews with over
99% accuracy. There was less power to distinguish half-siblings and nephews. As the
degree of the relationships increased, there was less information in the shared segments
that could be used to distinguish relationships of the same degree. Half-nephews and
grand-nephews were distinguished from other third-degree relationships with only 75%
accuracy. First cousins could be distinguished with 85% accuracy and great-grandparents
with 94% accuracy. There was very little information to distinguish the different fourth-
degree relationships.

The results of this study provide an upper bound on the power for distinguishing
relationships if IBD is observed continuously and without error. The upper bound of what
is achievable in practice using dense SNP panels is lower. As relationships become more
distant, the IBD segments become shorter and increasingly hard to detect.
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Several simplifying assumptions were made in this study. Notably, sex-averaged
crossover rates were used to simplify the calculations. It is well known that recombination
rates are higher for female meioses than for males. For close relationships, this fact could
be used to inform if DNA is more likely to be inherited via the paternal or maternal line.
Further, we assumed Haldane’s model of recombinations, which assumes the absence of
chiasma interference.

In future work, the simplifying modelling assumptions may be relaxed. There is
also scope to investigate the use of IBD on the X chromosome. As far as we are aware,
the evidential value of IBD segments on the X chromosome has not been quantified for
distinguishing pedigree relationships. Finally, we mention that the current work only
considered IBD for two pedigree members at a time. A natural generalisation would be to
consider the problem of identifying the most likely relationship on the basis of IBD between
more than two pedigree members. For example, given a pedigree with persons a and b,
one could ask where person c would fit best in the pedigree given identified IBD segments
between c and a and c and b.
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