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Abstract

Recent advances in forensic genetics, driven by technological 
innovation coupled with the use of an expanding range of nucleic acid 
markers, have markedly improved the scope, accuracy and reliability 
of evidential information obtainable from human biological traces 
recovered at crime scenes. The majority of these biomarkers have been 
identified using non-targeted omics approaches, including genomics, 
transcriptomics, epigenomics and microbiome profiling. Moreover, 
targeted massively parallel sequencing, in some cases non-targeted 
whole-genome sequencing, are being applied to the analyses of 
biological trace material. These approaches and methods are being 
used for the identification of perpetrators (including monozygotic 
twins), their relatives or victims of criminal activities; the prediction 
of phenotypic and behavioural traits of unknown individuals; and the 
determination of trace characteristics, including tissue type and time  
of deposition.
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parallel sequencing (MPS), are increasingly applied for trace analysis 
(Box 1). These and other developments have broadened the spectrum, 
and increased the accuracy and reliability, of forensic information 
obtainable from human crime scene traces (Fig. 1).

This Review provides an overview on recent advances in forensic 
genetics. It highlights progress in individual identification of perpetra-
tors, including monozygotic twins, and their relatives. Next, improve-
ments in (epi)genetic prediction of externally visible characteristics 
of trace donors in cases without suspects, such as appearance traits, 
biogeographic ancestry, age and certain behavioural traits are sum-
marized. Furthermore, an update on determining trace characteristics, 
such as tissue type and deposition time, is given. Throughout this 
Review, the use of non-targeted and targeted omics approaches and 
technologies based on nucleic acid markers is highlighted.

Identification of persons
Identifying the donor of a biological trace found at a crime scene is 
key to answering the Who? question. Trace DNA is mostly used for the 
individual identification of trace donors in cases with suspects, but it 
can also provide investigative leads that help find potential suspects in 
cases without suspects, or when all suspects have been excluded from 
being the trace donor by forensic STR profiling.

Individual identification
Individual identification is achieved by matching an autosomal STR 
profile obtained from a crime scene trace to a reference STR profile 
of a known person and providing weight of evidence for such a DNA 
match22,23. Over the past decades, the number of autosomal STRs used 
in forensic DNA profiling has steadily increased to achieve a very high 
standard of individual identification evidence. Current commercial 
human identification kits include more than 20 autosomal STRs24 
and DNA marker(s) to infer biological sex25. Forensic STR profiling 
relies on the person of interest being known with their STR profile to 
the investigating authorities, either due to being a case suspect or  
to being included in a national criminal offender DNA database owing 
to a previous conviction (in some jurisdictions also because of arrest). 
Since their first establishment three decades ago, criminal offender 
DNA databases have proven a powerful tool to link a trace STR profile 
to a possible donor, or to highlight case connections involving the 
same donor26. Over the years, the number of reference STR profiles 
in criminal offender DNA databases has grown exponentially, with 
database size directly proportional to the chance of finding matches27. 
Cross-country STR profile searches are practised between forensic 
databases of 29 EU Member States26, regulated by the treaty of Prüm. 
Forensic STR profiling coupled with criminal offender DNA databases 
remain a staple of individual identification in forensics26.

The sensitivity of current commercially available machinery and 
chemistry used for forensic STR profiling enables the generation of 
complete STR profiles from picogram amounts of trace DNA. This high 
sensitivity has led to a focus on touched objects for STR profiling28, 
which has intensified research in two important areas: DNA transfer 
and DNA mixtures. More than 25 years ago, the field of ‘touch DNA’ 
was born with the first demonstration that DNA fingerprints can be 
obtained from physical fingerprints and of secondary transfer of DNA 
from one object to another29. Over the years, the understanding of 
transfer, persistence, prevalence and recovery of DNA (DNA-TPPR) 
has improved substantially30,31. DNA-TPPR is relevant to help address 
activity-level inquiries, that is, which activity most likely led to the pres-
ence of a person’s DNA at the crime scene32,33. Bayesian networks have 
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Introduction
Three questions are key for assisting in solving criminal cases by estab-
lishing evidential information from human biological traces collected 
at crime scenes. Who did it? What happened? When did it happen? 
For 40 years, the analyses of nucleic acid markers in trace material 
from blood, saliva, semen, vaginal secretion, hair, skin and mixtures 
thereof have been used to help answer these questions in the field of 
forensic genetics. For the first question (Who?), the focus remains on 
DNA-based identification of individuals, mostly trace donors in cases 
with available suspects, but also victims of criminal activities and miss-
ing persons from unidentified human remains, and for the resolution 
of familial relationships. In cases without suspects, DNA prediction 
of physical appearance, biogeographic ancestry and age, as well as 
DNA-based searches for relatives, can help focus police investigations to 
find potential suspects. The second question (What?) can be addressed 
by determining the tissue type of a trace with the help of nucleic acid 
markers. To answer the third question (When?), biomarkers can help 
estimate the time a trace was deposited at the crime scene. Notably, the 
degree to which these questions have been investigated, the number 
of forensic cases they can potentially be applied to and whether they 
are indeed applied in forensic practice varies.

The field of forensic genetics was born in 1985 with the pub-
lication of the  milestone discovery made by Sir Alec Jeffreys of 
individual-specific multi-locus DNA fingerprints1 and its first application 
to a forensic case2. With the advent of the polymerase chain reaction 
(PCR), forensic DNA profiling based on autosomal short tandem repeats 
(STRs), also known as microsatellites, replaced minisatellite-based DNA 
fingerprinting in the early 1990s, and it remains the gold standard for 
individual identification today3,4. Mitochondrial DNA analysis from the 
late 1980s5–7 and Y chromosome STR (Y-STR) analysis from the early 
1990s8,9 expanded forensic identification capabilities, particularly 
in cases in which autosomal STR profiles are not available, and addi-
tionally allowed users to infer maternal and paternal biogeographic 
ancestry, respectively. Assays based on autosomal single-nucleotide 
polymorphisms (SNPs), initially in HLA genes5, were applied for indi-
vidual identification in criminal casework and missing person cases 
from the late 1980s.

Over the past two decades, the types and numbers of nucleic acid 
markers applied in forensic genetics has increased continuously. Auto-
somal SNPs emerged for identifying individuals10,11, predicting pheno-
typic traits12,13 and inferring bi-parental biogeographic ancestry14,15 from 
trace DNA. RNA and DNA methylation markers were developed to esti-
mate a person’s age based on technologies suitable for trace analysis16,17. 
RNA, DNA methylation and microbial DNA markers were used to 
determine the tissue type18,19 and for trying to estimate the deposition 
time20,21 of a trace. Most of these additional nucleic acid markers have 
been identified by non-targeted omics technologies, including SNP 
microarrays, gene expression microarrays, DNA methylation micro-
arrays, whole-genome sequencing (WGS) and whole-transcriptome 
sequencing, some of which are also used directly for trace analysis. 
In addition, targeted omics technologies, such as targeted massively 
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become the preferred tools for analysing these data, because they help 
answer questions on the transfer mechanism in a probabilistic way32,33.

Often, crime scene objects have been touched by multiple persons, 
requiring methods for analysing DNA mixtures, which can also arise 
from the combination of body fluids. Challenges with interpreting 
mixed STR profiles involve overlapping alleles, imbalanced contri-
butions and allele drop-out (non-observation of existing alleles) or 
drop-in (observation of non-existing alleles) as a result of low quanti-
ties of DNA from minor contributions, the latter being similarly rel-
evant for single-source low-quantity DNA samples34,35. To improve 
the interpretation of STR profiles obtained from mixed DNA sam-
ples, including low-input DNA, probabilistic genotyping methods 
have been developed and are applied in forensic casework based on 
qualitative (semi-continuous) models that take into account drop-in 
and drop-out, or quantitative (continuous) models that addition-
ally consider signal intensity (peak height), PCR stutter and other 
parameters36–40. Alternative DNA markers are also investigated for 
forensic mixture deconvolution41, such as Y-STRs for male–female 
mixtures; microhaplotypes42 based on autosomal SNPs in close prox-
imity, which avoids the STR problem of PCR stutter; or other types of 
compound DNA markers such as DIP–STRs43, which pair an STR with a 
nearby insertion–deletion polymorphism. A different approach is to 
separate the cells of a mixed sample prior to forensic DNA profiling, for 
which different technologies have been explored, including laser cap-
ture microdissection44 and DEParray45 (Menarini Silicon Biosystems). 
Targeted DNA analysis of single cells is challenging because of the low 
amount of DNA a diploid human cell contains (~3.3 pg). More PCR cycles 
and additives in the PCR have been used to increase the sensitivity and 
probabilistic genotyping is applied to establish consensus DNA profiles 
from several single cells46. Recently, non-targeted single-cell sequenc-
ing, that is, single-cell transcriptome sequencing47 and single-cell DNA 
sequencing48, have been explored for SNP-based mixture deconvolu-
tion with subsequent biogeographic ancestry inference and individual 
identification of the separated contributors as well as the identification 
of the tissue type.

Most forensic DNA laboratories continue to profile STRs using 
fluorescence multiplex PCR followed by capillary electrophoresis, 
although some have moved to targeted MPS, for which commercial kits 
are available too. Because of its fully quantitative nature, targeted MPS 
benefits mixture analysis, amongst other advantages49,50 (Box 1). The 
relatively short fragment length of most forensically used STRs makes 
short-read DNA sequencing suitable, whereas long-read DNA sequenc-
ing benefits long forensic STRs, can enhance mixture analysis51 and 
provides other advantages, such as when combining different marker 
types52. Gene-editing technologies have recently started being explored 
for forensic STR profiling53; for instance, STR-seq uses CRISPR–Cas9 for 
fragmenting DNA to increase the number of sequenced STRs without 
PCR amplification54.

Male identification
Male-specific Y-STRs have been applied in forensic genetics for more 
than three decades, particularly in cases in which autosomal STR pro-
files cannot be generated, such as in violent or sexual assault cases with 
male–female mixtures and a large excess of female victim DNA8,9 (Fig. 2). 
Although differential lysis can enrich for sperm DNA, probabilistic 
genotyping software and targeted MPS can improve male–female mix-
ture deconvolution. In cases in which the autosomal STR profile of the 
male contributor cannot be established from the mixed STR profile, a 
Y-STR profile can often be generated from the mixed trace, particularly 
when Y chromosome DNA is detected during quantification of the DNA 
extract by using DNA quantification kits that contain target-specific 
assays for human male DNA. Moreover, sperm cells in a trace may be 
present in low or no numbers, which prevents differential lysis; however, 
Y-STR analysis can be successfully performed on male epithelial cells. As 
with autosomal STR kits, the number of Y-STRs in commercial kits has 
increased over the past decades, with more than 25 Y-STRs in current 
kits55. Most of these are standard Y-STRs with relatively low mutation 
rates (in the order of 10−3 per locus per generation56), which makes these 
kits very powerful for identifying male lineages but not for separating 
male relatives and individual male identification.

Box 1 | Targeted versus non-targeted omics in forensic genetics
 

For forensic applications that are based on discrete marker sets 
preselected to be fit for purpose, targeted omics is most suitable.  
For example, targeted massively parallel sequencing (MPS) is best 
for forensic short tandem repeat profiling for individual identification, 
because the use of criminal offender DNA databases restricts and 
specifies the short tandem repeat markers applied in crime scene 
investigations. For forensic DNA phenotyping and forensic tissue 
identification, some biomarkers have larger effect sizes than others; 
hence, analysing biomarkers with larger effects by targeted MPS is 
most practical. Some targeted technologies are also less costly than 
non-targeted ones, providing economic advantages.

A major forensic advantage of targeted MPS technologies over 
other targeted DNA analysis methods is that they have a much larger 
multiplexing capacity, allowing many more markers to be analysed 
simultaneously. Multiplexing is important in forensic genetics, in 
which evidence material is often limited, so that as many markers 
as possible must be analysed simultaneously in one run. Increased 
multiplexing capacity is also relevant, because forensic marker sets 

are enlarging to improve various forensic applications. Moreover, 
targeted MPS assays often have higher sensitivity than non-targeted 
assays, and targeted MPS allows fully quantitative analysis, which 
is necessary in some forensic applications such as those based on 
DNA methylation markers. However, targeted MPS methods also 
have multiplex capacity limitations, more so for quantitative DNA 
methylation analysis than for qualitative short tandem repeat or  
SNP genotyping.

When the forensic information, or its accuracy, obtained with 
targeted MPS methods is limited, and it can be increased with 
additional and available biomarkers beyond the technology’s 
multiplex capacity, non-targeted omics becomes the preferred 
approach. Depending on the forensic application, non-targeted 
omics technologies are applied on reference DNA without restriction 
on quality and quantity, or on trace DNA, if the quantity and quality of 
the trace allow. Future advances of non-targeted omics technologies 
may lead to increased sensitivity and/or decreased costs, which will 
benefit forensic applications.
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In contrast to autosomal STRs, the so-called product rule of 
multiplying single-locus allele frequencies to estimate match prob-
abilities cannot be used for Y-STRs, given their localization on the 
non-recombining part of the Y chromosome. In current forensic 
practice57, Y-STR match probabilities are equated with Y-STR haplo-
type frequencies obtained from population reference databases, most 
notably the publicly accessible Y-Chromosome STR Haplotype Refer-
ence Database (YHRD)58. However, in principle, and because of their 
limitations in size, geographic coverage and sample selection to avoid 
any relatives, population databases cannot be regarded as representa-
tive of all plausible alternative suspects in every single case59. Recently, 
a mathematical framework for estimating Y-STR match probabilities 
based on the suspect’s pedigree was developed59, which obviates fre-
quency estimates from population databases; a respective software 
tool is currently in development.

Moving from male lineage to male individual identification is key 
in improving forensic Y chromosome analysis. Over the past 15 years, 
rapidly-mutating Y-STRs (RM Y-STRs) with an about tenfold higher 
mutation rate than standard Y-STRs were identified60,61 and developed 
as markers to differentiate male relatives62,63. Although commercial 
Y-STR kits include only a few RM Y-STRs, several non-commercial RM 
Y-STR genotyping assays have been developed. The currently most 
comprehensive tool, RMplex, targets 30 Y-STRs with increased muta-
tion rates, including all currently known 26 RM Y-STRs64. RMplex-based 
Y-STR typing achieved average male relative differentiation rates 
of 43% for father–sons, 66% for brothers, 76% for cousins, >95% for 
relatives separated by ≥6 meiosis and 100% for relatives separated 
by ≥12 meiosis65. As (Y-)STR mutation rates increase with increasing 
repeat numbers66, some RM Y-STRs exceed the maximal read lengths 
of short-read sequencing technologies, making long-read sequenc-
ing interesting for RM Y-STR analysis. Recently, WGS was applied 
for Y chromosome-based male relative differentiation67, yielding an 
observed father–son separation rate of 58% based on Y chromosomal 
single-nucleotide variants (SNVs), although this finding needs to be 
confirmed by sequencing more father–son pairs. The expected — as 
estimated based on the Y chromosomal SNV mutation rate — male 
relative differentiation rates are 69% for father–sons, 90% for broth-
ers and 97% for cousins67. Moving to WGS with long-read sequencing 
is expected to further increase male relative-differentiation rates.

Relative identification
The identification of relatives of trace donors in cases without sus-
pects by so-called familial searching can be achieved with different 
approaches, marker types and technologies. Relatives can be identi-
fied with autosomal forensic STR profiling, if they are included in the 
national criminal offender DNA database68. However, the success of this 
approach is restricted to very close relatives one or two generations 
apart, such as parent–offspring or sibling relationships. In cases with 
a male trace donor, as mentioned above, male relatives can be identi-
fied via Y-STR analysis through mass screenings9, in which standard 
Y-STRs are used first for male lineage identification and, if matches are 

observed, this initial step is followed by RM Y-STR analysis to differenti-
ate close from distant male relatives (Fig. 2). In some countries, Y-STR 
profiles are included in criminal offender DNA databases, enabling 
male relative identification through database searches69.

To overcome the marker limitation of forensic autosomal STRs 
for familial searching, tools based on thousands of autosomal SNPs 
were developed based on targeted MPS with and without capture 
enrichment and have started to be applied in forensic practice for 
familial searching70 and missing person identification71. Moreover, 
if the trace DNA quality and quantity are high enough, non-targeted 
genomics approaches such as WGS or SNP microarrays can be used to 
find relatives up to third cousins72, or even more distant ones73, if they 
are included in genomic databases. This can provide investigative 
leads via DNA-motivated genealogy research, a process referred to as 
investigative genetic genealogy, forensic genetic genealogy or forensic 
investigative genetic genealogy74. As these consumer DNA databases 
were not established for forensic purposes, proprietary companies 
have implemented opt-in or op-out procedures for their customers 
to regulate access by law enforcement agencies75; conversely, some 
consumer genomics companies do not allow forensic applications 
at all. Many hundreds of cases have been solved with this approach to 
date, according to the Mendeley database, mostly in the USA, where 
these companies are based and most of their customers live76,77, but 
also in other countries, such as Sweden78 and Norway79. Because poor 
input DNA quality and quantity generate errors in SNP microarray 
data80, which can affect downstream applications such as relative 
identification80, careful selection of trace samples based on suitable 
DNA quality and quantity is crucial.

Monozygotic twin identification
Monozygotic twins typically share the same forensic STR pro-
file; hence, STR profiling is not informative in criminal cases involv-
ing one or both monozygotic twins. Various molecular approaches 
have been investigated for monozygotic twin differentiation in the 
forensic context81; among them, the genomic and the epigenomic 
approaches are most notable. In both, non-targeted omics is used to 
identify twin-differentiating DNA markers in the reference DNAs of both 
twins that are subsequently analysed in the trace DNA with targeted 
methods, such as targeted MPS.

The genomics approach, which has been applied successfully to 
several forensic cases82,83, is based on somatic mutations (typically auto-
somal SNVs) that occurred in the zygote at an early stage of embryonic 
development. As a result, the mutant allele is present in one but not in 
the other twin. The number of twin-differentiating SNVs varies between 
pairs. For instance, a deep-sequencing study of 381 monozygotic twin 
pairs showed that they differed on average by 5.2 early-developmental 
mutations, and 15% of twin pairs had a substantial number specific to 
one of the twins84. These mutations may not be present in all cells and 
not in all tissues (somatic mosaicism), so their identification requires 
ultra-deep WGS (for example, 100x coverage). Moreover, depending on 
the cell types of reference and trace DNAs, the mutant allele identified in 

Fig. 1 | Overview of genetic and epigenetic analyses for crime scene 
investigation. Different types of genetic or epigenetic analyses of crime scene 
traces can be applied in cases with and without suspects for the identification 
of persons, externally visible characteristics and trace characteristics. Trace 
analyses in cases without suspects provide investigative leads to help find 
potential case suspects (indicated by arrows). Trace analyses in cases with 

suspects provide individual identification (indicated by arrows). Trace analyses 
for the identification of trace characteristics provide information on the 
activity of the DNA-identified trace donor at the scene of crime (indicated by 
arrows). IGG, investigative genetic genealogy; mtDNA, mitochondrial DNA; 
MZ, monozygotic; RM Y-STRs, rapidly-mutating Y chromosome short tandem 
repeats; SNV, single-nucleotide variant; STR, short tandem repeat.
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the reference DNA may not be present in the trace DNA85. Choosing the 
tissue type of the reference samples based on the trace tissue type avoids 
this problem, but it can provide challenges if the reference material is 
regulated by law. If the twin-differentiating mutation created an extra 
SNV allele — that is, one twin being homozygous, the other heterozy-
gous — its detection in the reference and trace DNA is straightforward. If 
the mutation created imbalanced heterozygotes, that is, both twins are 
heterozygous but with opposite major alleles, identification requires 
specialized bioinformatic analysis of the WGS data, and detection of 
the mutant allele in trace DNA needs a targeted method for quantita-
tive SNP analysis, such as targeted MPS. A recently reported twin case 
demonstrated the success of the genomic approach despite various 
challenges provided by the case circumstances and the trace material86.

In the epigenomics approach, monozygotic twin differentiation 
is achieved by quantifying DNA methylation differences between the 
two twins87,88. Reference DNA samples of both twins are analysed by 
DNA methylation microarrays to identify twin-differentiating CpGs, 
which are then investigated in the trace DNA using targeted methods, 
such as targeted MPS. Due to method-to-method bias, the number 
of twin-differentiating CpGs usable for trace DNA analysis is typically 
smaller than those identified in the reference DNA samples, as was dem-
onstrated in different tissue types89,90. As DNA methylation patterns can 
differ between tissues, it is important to match the tissue type of the trace 
and reference samples. Theoretically, the epigenomics approach can 
identify twin-differentiating markers in every monozygotic twin pair, in 
contrast to the genomics approach. However, in practice, several factors 
make the epigenomics approach less appealing for forensic casework 
than the genomics one, provided that the high expenses of ultra-deep 
WGS can be covered. These factors include the technical noise in quanti-
tative CpG analysis, the need for more trace DNA for bisulfite conversion 
and the resulting DNA degradation, as well as the between-tissue differ-
ences of DNA methylation variation. Universal twin-differentiating CpGs 
applicable to most, if not all, monozygotic twin pairs, together with a 
targeted method suitable for trace analysis, could change the potential 
of the epigenomic approach in the future. That such CpGs exist is indi-
cated by the discovery of hundreds of CpGs with equally large variation 
in unrelated individuals as in monozygotic twins91.

Identification of externally visible characteristics
Predicting a trace DNA donor’s physical appearance, biogeographic 
ancestry, age and certain behavioural traits — a process known as forensic 
DNA phenotyping (FDP) — is relevant in criminal cases without suspects, 
in which, by providing investigative leads, FDP can help find potential 
suspects through focused police investigation92. FDP generally requires 
two parts, a forensically validated DNA tool for analysing predictive DNA 
markers based on a technology suitable for trace analysis, and a predic-
tion tool based on a validated statistical prediction model. To increase 
its effectiveness, FDP can be combined with other investigative DNA 
analyses. For instance, depending on the rarity of its outcome in the 
population, FDP can reduce the number of persons invited for a voluntary 

DNA mass screening for familial searching. This combined approach has 
been used to solve cold cases of rape and murder, for example, in the 
Netherlands93. FDP is an investigative approach; final identification of 
the trace donor is always done via forensic STR profile matching.

Appearance prediction
Over the past 15 years, the science and technology of predicting eye, 
hair and skin colour from trace DNA has been fully established, and it is 
applied in forensic casework in many countries92. Although all appear-
ance traits are genetically complex with hundreds or more underlying 
genes, pigmentation traits have been associated with a few genes with 
enlarged effect sizes, which harbour SNPs with increased prediction 
power. Therefore, DNA prediction for eye, hair and skin colour is achiev-
able with small sets of SNPs, most of them identified in genome-wide 
association studies (GWAS), for instance, six SNPs for eye colour94,95, 
22 for hair colour96,97 and 36 for skin colour98,99. Statistical prediction 
models based on these sets of SNPs in thousands of individuals achieved 
categorical prediction accuracies expressed as area under the receiver 
operating characteristic curve (AUC) of 0.74–0.94 for eye95,99, 0.72–0.92 
for hair97,99 and 0.72–0.96 for skin colour99. Initial DNA tools for eye, 
hair and skin colour prediction were based on primer extension and 
capillary electrophoresis95,97,100–102, whereas in recent years, targeted 
MPS assays have been developed and are being applied92,103. Two web 
tools for DNA-based eye, hair and skin colour prediction are publicly 
available and used in forensic casework (and anthropological research): 
HIrisPlex-S and Snipper. HIrisPlex-S allows the upload of partial SNP 
profiles encountered when the trace DNA is degraded.

Recently, enhanced hair and eye colour prediction models based 
on increasing numbers of SNPs identified by non-targeted genomics 
approaches have been introduced. For hair colour, more than 250 SNPs 
discovered in a large GWAS104 improved prediction, albeit with a minor 
AUC increase of 0.01–0.08 compared with 18 HIrisPlex SNPs97,104. For eye 
colour, more than 100 SNPs partly identified via whole-exome sequenc-
ing improved the prediction of intermediate eye colour with an AUC 
of 0.85 (ref. 105), which compared with 0.74 achieved with the 6 IrisPlex 
SNPs95,99. Prediction models were also developed for additional pigmen-
tation traits such as freckles, with AUCs of 0.66–0.79 (ref. 106), eye-
brow colour 0.62–0.7 (ref. 107) and for hair greying 0.79–0.87 (ref. 108), 
where, however, most prediction was provided by age alone. For these 
markers and models, DNA tools suitable for trace analysis and publicly  
accessible prediction tools have not been made available to date.

The genetic prediction of non-pigmentation appearance traits 
requires more SNPs for accurate prediction. However, large GWAS are 
currently only available for stature. Therefore, the prediction accu-
racy for non-pigmentation appearance traits is currently lower than 
those for pigmentation traits. For example, models for hair shape, 
based on >30 SNPs, and male pattern baldness, based on >100 SNPs, 
provided AUCs of 0.59–0.68 (albeit higher in non-Europeans) and 
0.6–0.73, respectively109,110, with similarly low AUCs reported for other 
hair traits111. For extremely tall stature, a model based on 689 SNPs 

Fig. 2 | Overview of Y chromosome analyses for crime scene investigation 
with decision network. Different types of Y chromosome analyses on traces, as 
applied in cases with male trace donors and no autosomal short tandem repeat 
(STR) profiles being available, for the identification of the paternal lineage of a 
male suspect, that is, person of interest (PoI), for the differentiation of a male 
suspect from his paternal male relatives, for the individual identification of a 
male suspect being the trace donor, and for providing investigative leads to help 

find potential case suspects in cases without known suspects. Solid blue arrows 
lead towards individual male identification. Dotted blue arrows lead towards 
paternal lineage identification and investigative analyses. Solid black arrows lead 
towards individual male identification after successful investigative analyses. 
RM Y-STR, rapidly-mutating Y chromosome STR; SNV, single-nucleotide variant; 
WGS, whole-genome sequencing.
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achieved an AUC of 0.79 (ref. 112). For these additional traits, DNA tools 
suitable for trace analysis and publicly accessible prediction tools were 
initially not made available. Currently, the most comprehensive and 
forensically validated system for appearance (and ancestry) prediction 
from trace DNA is the MPS-based VISAGE Enhanced Tool for Appear-
ance and Ancestry113 for genotyping 524 SNPs, and its corresponding 
prediction tool, the VISAGE software, which together enable the pre-
diction of seven appearance traits based on previously established 

prediction models for eye colour99, hair colour99, skin colour99, eyebrow 
colour107, freckles106, hair shape109 and hair loss in men110, together with 
ancestry (Fig. 3). Most genetic appearance prediction models are based 
on logistic regression; machine learning methods have been explored, 
but they have not improved prediction accuracies thus far105,114, presum-
ably because of small numbers of SNP predictors.

For many appearance traits, associated SNPs identified in 
GWAS explain too little of the phenotypic variation, such as for ear 

Age: 37
Ancestry: EUR/AFR 50:50%

Baldness
Yes: 37%
No: 63% •

Hair shape
Straight: 59% •
Non-straight: 41%

Alcohol
High-risk: 22%
Low-no: 78% •
EpiScore: –0.534

Hair colour
Blonde: 6.3%
Brown: 64.3%
Black: 29.3%
Red: 0.0%
Dark brown/black •

Hair shape
Straight: 78%
Non-straight: 22% •

Baldness
Yes: 29%
No: 71% •

Hair colour
Blonde: 36.0%
Brown: 59.4%
Black: 4.0%
Red: 0.5%
Dark brown/black •

Skin colour
Very pale: 9.3%
Pale: 66.5% •
Intermediate: 24.2% •
Dark: 0.0%
Dark-black: 0.0% 

Eyebrow colour
Blonde: 8%
Brown: 48% •
Black: 44% 

Eye colour
Blue: 96.6% •
Intermediate: 2.9%
Brown: 0.5%

Freckles
Yes: 90% •
No: 10%

Age: 57
Ancestry: EUR 100%

Smoking
Yes: 80.7% •
No: 9.3%

Smoking
Yes: 0.7%
No: 99.3% •

Ancestry
EUR: 99.0% •
MEA: 0.3%
NAM: 0.2%
EAS: 0.2%
SAS: 0.2%
AFR: 0.1%
Paternal anc.
R-Z282 EUR •

Age
54.95 (1)
54.77 (2)
50.20 (3)

Ageing
pace
0.821

Alcohol
High-risk: 26%
Low-no: 74% •
EpiScore: –0.081

Age
36.13 (1)
38.55 (2)
34.66 (3)

Ageing
pace
1.014

Ancestry
EUR: 41% •
MEA: 1.3%
NAM: 0.5%
EAS: 0.9%
SAS: 0.9%
AFR: 55.3% •
Paternal anc.
E-V38 AFR •

Freckles
Yes: 38%
No: 62% •

Skin colour
Very pale: 0.0%
Pale: 0.0%
Intermediate: 17.8%
Dark: 49.3% •
Dark-black: 32.8% •

Eyebrow colour
Blonde: 0%
Brown: 8%
Black: 92% •

Eye colour
Blue: 1.2%
Intermediate: 5.0%
Brown: 93.8% •

Fig. 3 | Genetic and epigenetic prediction of externally visible characteristics 
in two example persons. Genetic predictions of seven appearance traits and 
biogeographic ancestry were achieved with the VISAGE Enhanced Tool for 
Appearance and Ancestry113 and the VISAGE software based on previously 
published prediction models for eye, hair and skin colour99, eyebrow colour107, 
freckles106, hair shape109, and hair loss in men110. Bi-parental biogeographic 
ancestry was inferred with STRUCTURE218 using a reference dataset with 
population samples drawn from six geographic regions (EUR, Europe; 
MEA, Middle East; NAM, Native Americans; EAS, East Asia; SAS, South Asia; 
AFR, Sub-Saharan Africa (n = 2,523))219. Paternal ancestry was inferred from 
the geographic distributions of Y chromosome haplogroups derived from 
Y chromosomal SNPs with the Yleaf software126. Epigenetic predictions of age, 
tobacco smoking and alcohol drinking were achieved from EPIC2 microarray 

(Illumina) DNA methylation data using previously published prediction 
models, that is, for age with three first-generation epigenetic clocks (DNAm Age 
Horvath141, Hannum Age143 and DNAm Age Skin & Blood142), for pace of ageing with 
DunedinPACE165, for tobacco smoking167 and for alcohol drinking175,220. Prediction 
outcomes are given as categorical probabilities for appearance traits, smoking 
and drinking. For drinking, an alcohol consumption EpiScore (values on a 
relative scale, the lower the value, the lower the consumption) is additionally 
provided. For bi-parental ancestry, predicted regional ancestry proportions  
are reported. For paternal ancestry (paternal anc.), the geographic origin of  
Y haplogroups are provided. Predicted age is given in years and predicted pace  
of ageing as PACE parameter (<1 decelerated and >1 accelerated pace). Prediction 
conclusions are marked by red dots. Both persons provided informed consent 
for their photographs and predicted traits to be shown. Copyright: Erasmus MC.
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morphology115 or facial shape morphology116. The currently largest 
GWAS on facial shape identified 253 independently associated SNPs 
that explained 2.35–7.90% of the phenotypic variation and provides 
the first preliminary prediction model for nose shape using a polygenic 
risk score based on 382 face-associated SNPs117. Larger GWAS for more 
appearance traits are needed, followed by improved prediction stud-
ies, to further increase the number of DNA-predictable appearance 
traits in forensic practice. Future advances in the genetic understand-
ing of human appearance may eventually lead to a move from current 
categorical trait prediction to continuous trait prediction as well as from 
current genetic prediction with selected SNPs analysed by targeted MPS 
to genomic prediction with genome-wide SNPs analysed by microarrays 
or WGS. Genomic prediction has been demonstrated for normal stature 
based on 20,000–100,000 SNPs from microarray analysis, with a cor-
relation between measured and predicted height with a value above 0.6 
(ref. 118). An intermediate approach is to use polygenetic risk scores 
for trait prediction based on large numbers of significantly associated 
SNPs, which is widely applied for clinically relevant complex traits119 and 
has started to be used for appearance traits such as hair colour120 and 
facial shape117. However, polygenetic risk score-based trait prediction 
comes with limitations caused by the relationship between minor allele 
frequency and effect size of SNPs identified by GWAS121.

Ancestry prediction
Inferring biogeographic ancestry, that is, the geographic region from 
which biological (genetic) ancestors originate, is a relevant part of FDP, 
because biogeographic ancestry has investigative value. It is relevant 
further because some DNA-predictable appearance traits (for instance, 
brown eyes with black hair and light skin) are found across large geo-
graphic regions passing several continents, which can be subdivided 
with genetic ancestry testing, thereby specifying and thus improving 
investigative information.

Traditionally, biogeographic ancestry is genetically inferred sepa-
rately for the paternal and maternal sides using Y chromosome and 
mitochondrial DNA SNPs, respectively. During the past decade, targeted 
MPS assays for simultaneous genotyping of many hundreds of Y chro-
mosomal SNPs122,123 as well as for the entire mitochondrial genome124,125 
were developed. These genotyping tools and respective software allow 
high-resolution inference of Y chromosome and mitochondrial DNA 
haplogroups for paternal and maternal linage identification126. Many 
haplogroups have distinct spatial frequency distributions127, providing 
ancestry information on various geographic levels9.

In contrast to their Y chromosomal and mitochondrial counter-
parts, autosomal SNPs can differentiate between recent and distant 
ancestry, and they can quantify ancestry proportions in persons of 
mixed ancestry15. Initially based on small SNP numbers, recent years 
have seen forensic ancestry tools based on hundreds of autosomal SNPs 
using targeted MPS — some in combination with Y chromosomal SNPs, 
appearance-predictive SNPs, microhaplotypes and X-chromosomal 
SNPs. These tools enable bi-parental ancestry inference on the level 
of five to seven worldwide geographic regions92,113,128.

The past decade has also seen progress in methods and software 
for detecting genetic population substructure129. When these tools 
are used for inferring a person’s biogeographic ancestry, population 
reference data are needed, for example, through web applications such 
as Snipper130. Limitations in sample size and worldwide coverage of 
population reference datasets available to forensic practitioners mark 
a limitation of forensic ancestry testing. Another limitation comes 
from the relatively small number of SNPs in forensic ancestry tools, 

which is caused by the limited multiplexing capacity of genotyping 
technologies suitable for forensic trace analysis. Because of the positive 
relationship between the number of autosomal SNPs and the revealed 
ancestry information, forensic ancestry tools provide less-detailed 
ancestry information than is available with SNP microarrays or WGS23,131.

Moreover, population specificity of human DNA methylation 
has been reported132,133. Although a strong correspondence between 
population-specific variation in DNA methylation and SNP variation 
was noted133, DNA methylation differences were also found in popula-
tions with common genetic background living in different habitats134, 
indicative of the influence of environmental factors on variation in DNA 
methylation. Furthermore, several studies indicate the suitability of 
microbiome analysis for inferring human geolocation, that is, region 
of living or upbringing135. Significant differences in gut microbiome 
diversity and composition between populations from different con-
tinents and countries have been reported136, and the first studies on 
forensically relevant hair, skin and oral microbiomes investigated 
microbiome-based human differentiation between countries137 and 
between regions within countries138. Viral DNA has started being used 
to infer geolocation and being combined with genetic biogeographic 
ancestry testing139. The future may see more combined use of genetic 
ancestry testing and epigenetic and microbiome-based testing for 
geolocation inference. This will add geographic information regard-
ing the region where a person lived to that regarding the region where 
their ancestors had lived.

Age prediction
Estimating the age of a person is another relevant part of FDP because 
age describes a person and thus has investigative value. Furthermore, 
some appearance traits are strongly influenced by age so that age esti-
mates are required as input for appearance prediction models. Over the 
past decade, machine learning tools, known as epigenetic clocks, have 
been developed that can estimate a person’s age based on the meth-
ylation status at hundreds to thousands of CpGs140. First-generation 
epigenetic clocks141–143, trained by regressing chronological age on 
DNA methylation across selected CpG sites, provide more accurate 
chronological age predictions, which is relevant in the forensic con-
text (Fig. 3), than second-generation and third-generation epigenetic 
clocks, which are trained with clinical measures of ageing and are more 
indicative of biological age144.

However, many crime scene traces do not contain DNA in sufficient 
quality and quantity for reliable DNA methylation microarray analysis 
used for epigenetic clocks. Hence, tools for chronological age predic-
tion have been developed based on technologies suitable for trace DNA, 
including targeted MPS, and based on CpG markers mostly identified 
previously with DNA methylation microarrays17,92. Given their multiplex 
limitations and as result of reduced DNA complexity after bisulfite 
conversion, forensic age estimation tools are typically based on small 
numbers of CpGs (dozens or less)16,17,145. They have been developed 
for various forensically relevant tissues, such as blood, saliva, hair, 
bone, teeth and semen, and most of them provide age estimates with 
mean errors of 3–5 years146. Cross-tissue tools can be developed but 
require the use of tissue-specific prediction models147. Due to bisulfite 
conversion and the quantitative nature of DNA methylation variation, 
forensic age tools based on DNA methylation require more input DNA 
(tens of nanograms) than it is needed for forensic STR or SNP analysis 
(picograms). Using input DNA below the method’s sensitivity threshold 
will reduce the accuracy of DNA methylation measurements, with a 
negative impact on age prediction148.
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Method-to-method bias provides challenges for developing 
statistical models for age prediction that are suitable for the data 
produced with forensic DNA tools. This can be overcome by applying 
data normalization methods149 or by generating the model data with 
the forensic DNA tool147,150. Due to limited available resources, predic-
tion models generated with forensic DNA tools typically suffer from 
small sample size, leading to unknown reliability of the obtained age 
predictions. Other uncertainties come from external and internal 
factors that can affect DNA methylation-based age prediction, such as 
certain diseases151 and intake of substances such as alcohol152, among 
other factors146. Age prediction models are often based on regression 
analysis but also other methods are used17.

Recent developments have aimed at increasing the number of 
age-informative CpGs analysable with targeted technologies. Targeted 
MPS with amplicon sequencing was shown for 161 CpGs covering mark-
ers of four epigenetic age models from input DNA as low as 25 ng149. 
Capture-based targeted MPS using single-molecule molecular inver-
sion probes was applied to over 500 age-associated CpGs, but only half 
of them gave sufficient results down to 100 ng input DNA153. Nanopore 
adaptive sequencing for DNA methylation analysis was applied to hun-
dreds of age-related genes (and others for body fluid identification), but 
it required large amounts of input DNA154. Moreover, enzymatic conver-
sion was tested as an alternative to bisulfite conversion, and it improved 
multiplexing but did not outperform bisulfite conversion in sensitivity155.

Other types of nucleic acid markers were also explored for age 
prediction. A quantitative PCR test based on a specific T cell DNA 

rearrangement (sjTREC) revealed a high correlation with chrono-
logical age with a standard error of 9 years156. Transcription-based 
ageing clocks from non-targeted RNA sequencing (RNA-seq) or expres-
sion microarray data provided age prediction with mean errors of 
6–8 years157,158. Similar age prediction errors were achieved with hun-
dreds of mRNA markers via targeted MPS159 or with small numbers of 
microRNA or circular RNA markers160. These errors are about twice as 
high as those of most forensic age prediction systems based on DNA 
methylation. A comparative study of sjTREC, telomere length, mRNA 
and DNA methylation revealed that DNA methylation markers were 
most informative for age161.

Combining prediction of chronological age with facial age pre-
diction would be desirable in the context of FDP, as some individuals 
look considerably younger or older in their face than their chrono-
logical age. A GWAS on perceived facial age (how old one looks) iden-
tified significantly associated SNPs, albeit with small effects (looking  
2 years older)162. An epigenome-wide Mendelian randomization study 
on perceived age highlighted over 1,000 potentially causal CpGs163, 
providing targets for developing prediction tools for facial age. The 
second-generation epigenetic clock VisAgeX achieved facial age pre-
diction with an average error of 6.5 years based on microarray data164. 
The third-generation epigenetic clock DunedinPACE quantifies pace 
of ageing from microarray data165; this model predicts if someone ages 
faster or slower than expected, which may or may not be visible in the 
face (Fig. 3). Future progress will show whether accurate and reliable 
(epi)genetic prediction of facial age from trace DNA is achievable.

Box 2 | Ethical issues of omics applications in forensics
 

The forensic use of non-targeted omics technologies generates 
much more data than needed to answer a given forensic question. 
Moreover, if the (epi)genetic information of a trace donor generated 
from a trace is restricted by law, applying non-targeted omics to 
traces means generating more information than is legally allowed. 
However, there are bioinformatic solutions to ensure that only 
targeted parts of non-targeted data are being extracted and used, 
while the rest of the data are left untouched. Targeted bioinformatic 
analysis of non-targeted omics data is widely established outside 
the forensic field. Applying targeted bioinformatic solutions on 
non-targeted omics data obtained from traces to ensure that only 
those parts of the data are used that are necessary to answer the 
given forensic question within existing legal frameworks helps 
mitigate ethical or legal issues arising from the forensic application of 
non-targeted omics technologies. However, open questions remain, 
such as what to do with the untargeted raw data after the forensically 
relevant targeted data are extracted. For example, should they be 
destroyed or not, and should they be treated with the same care 
regarding data protection and data security as targeted DNA data are 
dealt with in forensic genetics?

In principle, externally visible characteristics cannot be 
considered private. External visibility is mostly the case for physical 
appearance traits, often for continental biogeographic ancestry and 
largely for age range. However, persons may artificially alter their 
natural appearance (for instance by using coloured contact lenses, 
dying their hair or undergoing cosmetic surgery, which can also 
alter visible age) to purposefully conceal their natural appearance, 
in which case such traits could be considered private. However, 

predicting natural traits would be useless in such cases, as the 
person cannot be traced using DNA-predicted natural trait outcomes. 
Furthermore, admixed continental ancestry can be externally 
invisible depending on the time and complexity of the admixture 
event(s) in the family, which would then be considered private.  
For behavioural habits based on environmental interaction, external 
visibility is not a given. Depending on the habit, societal conventions 
or legislations, there can be individual reasons to practise such a 
habit in privacy and keep it hidden from the public, in which case the 
habit would be considered private. For instance, for most tobacco 
smokers, their smoking habit is visible as they smoke in public; hence, 
the epigenetic prediction of tobacco smoking in the context of FDP 
may not be seen as problematic when it comes to privacy protection. 
By contrast, consumers of illicit drugs may only consume in privacy; 
hence, the epigenetic prediction of illicit drug consumption in 
the context of FDP, once possible based on validated science 
and technology, may cause an ethical dilemma regarding privacy 
protection. A broad discussion is needed on societally responsible 
(epi)genetic prediction of phenotypic traits, ancestry, age and 
habits based on environmental interactions in particular in forensic 
casework, as well as on the forensic use of non-targeted omics in 
general. This discussion will need to consider the societal interest in 
fighting and preventing crime and the individual’s interest in reducing 
trauma and uncertainty and bringing resolution to survivors, victims, 
families and communities, versus individual and societal interests 
in protecting privacy and human rights through governance and 
systematic sample and data security.
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Environmental habit prediction
Externally visible behavioural traits can potentially be informative in 
the context of FDP. Various visible habits based on a person’s interac-
tion with the environment leave molecular footprints, particularly in 
the methylome166. Epigenetic prediction studies of tobacco smoking 
in blood, based on small sets of CpGs identified in epigenome-wide 
association studies, revealed high AUCs of close to and above 0.9 
(refs. 167–169) (Fig. 3). Some, but not all, DNA methylation marks of 
smoking reverse when smoking stops, so that former smoking is pre-
dictable, albeit with lower accuracy than the prediction of current 
smokers and non-smokers167,169. Forensic DNA tests for smoking pre-
diction were developed based on forensically suitable technologies, 
including targeted MPS170,171. Smoking also affects the oral microbiota, 
with several bacteria species showing significant abundance differences 
in saliva depending on smoking status172. A taxonomy-free microbiome 
approach for smoking prediction yielded an AUC of 0.81 (ref. 173).

For alcohol drinking, extremely high AUC values, 0.90–0.99, were 
initially reported174, but they turned out to be overestimates175. Models 
based on 5–144 CpGs achieved AUCs around 0.65 for heavy and at-risk 
versus light and non-drinkers175 (Fig. 3). Recently reported models with 
only three CpGs yielded higher AUCs of 0.77–0.80, but they are based 
on small sample size176. DNA methylation changes resulting from intake 
of other substances have also been reported177. Epigenome-wide asso-
ciation studies on the use of cannabis178,179 or injectable drugs180 identi-
fied small numbers of significantly associated CpGs explaining small 
proportions of phenotypic variance, for example, 3.8% for lifetime 
cannabis use178. Considering epigenetic prediction of illicit drugs for 
FDP applications is therefore currently premature. Other visible habits 
such as physical exercise and diet also alter the methylome181,182. In the 
future, more visible habits involving environmental interactions will 
likely become predictable from DNA methylation, which will require 
discussions on societally responsible forensic applications (Box 2).

Identification of trace characteristics
Having identified the most likely trace donor by forensic STR profil-
ing may not necessarily answer questions of culpability in forensic 
cases. Additional trace analysis can help the courts decide whether a 
DNA-identified trace donor is the perpetrator. Determining the tissue 
type of a trace can reveal the activity that led to the trace deposition. 
Estimating the trace deposition time may serve as molecular alibi.

Trace tissue type determination
Traditionally, chemical, chemiluminescent, immunological, spectro-
scopic and microscopic tests are used for the forensic identification of 
body fluids such as saliva, semen or blood183. However, most of these 
tests are presumptive, that is, they are able to indicate the possible 
presence of a body fluid, although other substances can also produce 
a positive test outcome. Therefore, the forensic genetics community 
developed nucleic acid-based markers and tools for determining the 
tissue type of traces for blood, menstrual blood, saliva, semen, vaginal 
secretion and skin, which are routinely applied to forensic casework 
by specialized laboratories19 (Fig. 4). For this purpose, several types 
of nucleic acid markers are used, including mRNA18,161, microRNA184,185, 
DNA methylation186,187 and DNA copy number variation188 (Fig. 4); among 
them, mRNA-based tools are currently the most established189,190.  
A critical issue when using RNA, particularly mRNA, is the impact of 
trace degradation on RNA integrity, which requires empirical demon-
stration that the RNA marker considered for any forensic application is 
not affected by RNA degradation191,192.

Tissues comprised of overlapping human cell types provide 
challenges for identification with human biomarkers, but can be dif-
ferentiated based on microbiome analysis. Microbial 16S ribosomal 
RNA (rRNA) gene sequencing, increasingly done by targeted MPS, 
has been used to differentiate and classify epithelial cells from dif-
ferent body locations193 and blood from different body sources194 
with high prediction accuracies (AUCs over 0.97). Inferring tissue 
type from marker analysis readouts can be done based on marker 
presence or absence, abundance quantification with likelihood ratios 
or with Bayesian networks19,195,196. Based on the identified tissue type, 
activity-level evaluation may identify the most likely activity that 
placed the trace at the crime scene, by estimating likelihood ratios to 
differentiate between activities proposed by different court actors, 
for example, prosecution and defence in an adversarial judicial  
system19.

More recent developments aimed at cases with multi-person 
mixtures trying to link a tissue type with a trace donor (Fig. 4), for 
which SNPs located in (copy)DNA amplicons of the tissue-indicating 
mRNA or CpG markers are used. Because these fragments are short 
(few hundred base pairs), the SNP number is small (for instance, one 
to four SNPs per mRNA marker for different body fluids197, or one to 
two SNPs per CpG marker for semen198,199). If several SNPs per amplicon 
are identified, they are in high linkage disequilibrium, which reduces 
their strength of evidence for individual identification. Extending 
the sequence around the tissue-indicating mRNA or CpG marker by 
targeted long-read sequencing may provide solutions, but it will be 
conditional on the RNA or DNA quality and quantity of the trace.

Trace deposition time estimation
One approach to estimate the time a trace was placed at a crime scene 
requires molecular solutions based on the ex vivo stage of the trace. 
This has been investigated via differential RNA degradation, either by 
RNA markers that degrade differently over time — for example, rRNA 
is more stable, whereas certain mRNA markers are less stable200,201 — or 
via different amplicons within RNA markers that degrade differently 
depending on their location within the transcript or their fragment 
length20,202. For instance, based on differently sized mRNA amplicons, 
three age groups of bloodstains (fresh, up to 6 days old, older than 
6 days) could be distinguished202; moreover, with differently spaced 
PCR primers, the accuracy of blood stain timing was reported to be 
within 2–4 weeks for stains stored for less than 6 months and 4–6 weeks 
for older samples203. Recently, this question was re-investigated with 
transcriptome sequencing, which identified numerous stable and 
unstable transcripts204, and a high AUC of 0.99 for classifying samples 
into four age groups was reported205. As environmental factors other 
than time, such as temperature and humidity, affect RNA degrada-
tion too, applying such tests to traces with unknown or fluctuating 
environmental conditions, as with crimes occurring outdoors, is chal-
lenging. Furthermore, changes in microbial diversity, abundance and 
succession over sample storage time have been investigated using 
16S rRNA-targeted MPS or non-targeted RNA-seq. Many bacterial 
orders were found to change in abundance or appeared/disappeared 
with increased sample storage time206–209. Genetic models to predict 
sample age based on a few bacteria achieved average errors of a few 
days207,208. None of these methods have reached forensic casework 
applications yet.

An alternative way is to estimates the time of day or night when a 
trace was placed based on the in vivo stage of the body at the time the 
sample was left behind at the crime scene. This can be investigated 
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via biomarkers with biologically controlled concentration changes 
over the day and night cycle, that is, circadian or at least diurnal 
biomarkers. Applying circadian biomarkers for forensic trace depo-
sition timing was first demonstrated with two circadian hormones, 
melatonin and cortisol210. mRNA markers from clock genes have 
also been tested, and a full metabolite survey was done, in blood 
samples collected across the 24 h cycle21,211. Based on the most 
time-informative biomarkers of all three types (hormones, mRNA, 
metabolites), prediction models yielded AUCs between 0.8 and 0.96 
for three day/night time periods211. An mRNA-based model gave an 
average error of 4 h212. Recently, this question was re-investigated 
with non-targeted and targeted RNA-seq on blood samples col-
lected across the 24 h cycle, which revealed more than 80 mRNA 
markers with significantly different expression213. Targeted MPS of 
almost 70 mRNA markers in blood samples collected over a day and 
model-based time estimation achieved average prediction errors of 

about 4 h or more214. DNA methylation markers that oscillate during 
the day and night may also become useful for this purpose215. How-
ever, all currently available models are heavily underpowered, given 
the low number of individuals included and the sample dependency 
over time points within the same individuals. Moreover, it needs to 
be demonstrated that the biomarkers used, particularly mRNA, are 
not affected by trace degradation, as shown for melatonin210 but not 
yet for other markers. None of these methods have reached forensic 
casework applications yet.

Conclusions
Over the past two decades, the field of forensic genetics has consider-
ably advanced in all its subfields, largely due to benefits provided by 
nucleic acid-based omics approaches and technologies, a trajectory 
that is expected to continue in the future. Scientific developments are 
needed to identify more biomarkers for existing and novel forensic 

Tissue Identifying tissue type

Human biological trace (with STR profile)

Activity

Biomarker

• mRNA, miRNA, piRNA, circRNA
• RT-PCR with CE, qPCR, targeted

MPS, melt curve HRM, LAMP
• Semen, vaginal secretion, saliva,

skin, blood, menstrual blood
• Stability demonstration needed
• mRNA most established

RNA
• cjKREC, sjTREC, mtDNA, telomere
• qPCR
• Semen (mtDNA, telomere),

blood (cjKREC, sjTREC)
• Not widely established

DNA copy number variation
• CpGs tDMRs
• MethyLight-qPCR, targeted MPS,

SNaPshot-CE, HRM, nanopore 
sequencing

• Semen, blood, vaginal 
secretion, saliva, menstrual blood

• Bisulfite conversion requires
more DNA and degrades DNA

DNA methylation
• 16S rRNA gene, other genes
• Targeted MPS, qPCR
• Taxonomy-based or free
• Saliva, vaginal secretion, skin,

blood, nasal blood, menstrual
blood, semen

• Tissues with similar human cells

Microbial DNA

Linking tissue type with activity of trace deposition

Single STR profile indicates single-person traceMixed STR profile and di�erent tissue types indicate multi-person, multi-tissue mixed trace 

Linking tissue type with trace donor in multi-person, multi-tissue mixed traces

RNA SNPs CpG SNPs

Donor

Trace donor tissue, activityTrace donor B tissue, activityTrace donor A tissue, activity

BloodSemen Menstrual blood Vaginal secretion Saliva Nasal bloodSkin

Fig. 4 | Overview of forensic tissue identification with nucleic acid markers. 
Trace analyses involving different types of nucleic acid markers and analysis 
techniques for the identification of forensically relevant tissue types, to 
link identified tissue type(s) with activity of the identified trace donor(s) for 
depositing the trace at the crime scene, for single-person (single source) traces 
and multi-person mixed traces. CE, capillary electrophoresis; circRNA, circular 
RNA; cjKREC, coding joint kappa-deleting recombination excision circle; 

sjTREC, signal joint T cell receptor excision circle; HRM, high-resolution melt 
analysis; LAMP, loop-mediated isothermal amplification; miRNA, microRNA; 
MPS, massively parallel sequencing; mtDNA, mitochondrial DNA; piRNA, piwi-
interacting RNA; qPCR, quantitative PCR; rRNA, ribosomal RNA; RT-PCR, PCR 
with reverse transcription; STR, short tandem repeat; tDMRs, tissue-specific 
differentially methylated regions.
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applications to further increase the content, reliability and accuracy 
of forensic information obtainable from crime scene traces. Technical 
developments are required to improve targeted and non-targeted 
omics technologies to cope with both the increasing types and num-
bers of forensic biomarkers and the limited quality and quantity of 
biological traces. Future developments of multi-omics tools may allow 
combining different omics technologies and applying them to limited 
trace samples, preferentially single cells, to obtain answers to differ-
ent forensic questions in parallel. As we move forward from forensic 
genetics to forensic multi-omics, combining nucleic acid-based omics 
approaches with omics approaches based on other types of molecular 
biomarkers, such as proteomics (which has started to be used for 

forensic tissue identification216), metabolomics (which has started 
to be applied for trace deposition time estimation211) and glycomics 
(which has started to be used for age prediction217) may lead to further 
improvements in answering the Who?, What? and When? in crime 
scene investigations.

Despite the direct and considerable societal benefits of research 
outcomes in forensic genetics, progress is substantially impeded by 
serious underfunding. In many countries, there are no or very limited 
possibilities to apply for forensic genetic research funding, because 
suitable funding programmes no longer exist or have never existed. 
Moreover, over the past years, some universities, particularly in Europe, 
have wound down their forensic genetic research activities, which is 

Glossary

Area under the receiver 
operating characteristic curve
(AUC). A metric that classifies a 
prediction model’s performance, based 
on graphical representation, the receiver 
operating characteristic curve, which 
plots the true positive rate (sensitivity) 
against the false positive rate (specificity) 
at various threshold settings; AUC of  
0.5 means random prediction and  
1.0 completely accurate prediction.

Bayesian networks
Type of probabilistic graphical 
model to visualize variables and their 
relationships; in forensics, used to reason 
about the uncertain conclusions inferred 
from evidence information in a case.

Biogeographic ancestry
Geographic region(s) from which the 
biological (genetic) ancestors of a 
person originate.

Biological trace
Any, including small or residual, amount 
of (human) biological material of any 
type left behind at a crime scene and 
collected for analysis in crime scene 
investigation.

Bisulfite conversion
Treatment of DNA with bisulfite leading 
to deamination of unmethylated 
cytosines to become uracils, detected 
in subsequent analysis as thymidines. 
By contrast, methylated cytosines are 
resistant to deamination and remain 
cytosines, which allows quantitative 
analysis of DNA methylation variation 
at CpGs.

Capture enrichment
Procedure to enrich for pre-selected 
DNA targets, for instance via probe 
hybridization, with subsequent 
sequence analysis via massively parallel 
sequencing technologies.

DNA fingerprints
Extraordinary variable DNA patterns 
based on minisatellite repeats at 
multiple loci that are found with 
extremely low probability in more than 
one person (except for monozygotic 
twins).

DNA match
Complete resemblance at each and 
every genotype at all DNA markers 
analysed of two forensic DNA profiles, 
one obtained from a trace and the other 
from a known person’s reference DNA, 
thereby allowing to identify the trace 
donor, or both obtained from different 
traces, thereby allowing to link traces 
from the same donor within the same or 
between different criminal cases.

Epigenetic clocks
Machine learning algorithms trained 
from DNA methylation data and ageing 
parameters to estimate a person’s 
biological age, some of which can 
approximate chronological age.

Forensic DNA phenotyping
(FDP). DNA analysis of traces to predict 
physical appearance, biogeographic 
ancestry and age of the trace donor 
aimed at providing investigative leads to 
help find unknown perpetrators in cases 
without known suspects.

Forensic DNA profiling
Generating a DNA pattern, most 
commonly based on multi-locus short 
tandem repeats (STR profiling), from 
a trace and comparing it with that of 
a person’s reference DNA. If enough 
STRs are analysed, as done in current 
forensic practice, a match (see below) 
of the complete STR profile indicates an 
extremely low probability that it is found 
in more than one person (except for 
monozygotic twins).

Genetic population 
substructure
Systematic differences in allele 
frequencies within a population 
between subpopulations such as those 
defined by geography.

Mendelian randomization
Method to analyse (epi)genetic data for 
studying causal effects of modifiable 
exposures on influencing different 
outcomes.

PCR stutter
Artificial STR alleles, differing in repeat 
lengths from the true allele, produced 
during the PCR (polymerase chain 
reaction) because of DNA strand 
slippage of the DNA polymerase 
during the amplification of repetitive 
sequences (also called slippage 
artefacts).

Product rule
Multiplying frequencies of each and 
every genotype of all analysed DNA 
markers for obtaining an estimate 
for the DNA profile frequency, 
also referred to as random match 
probability (or the chance for a random 
match), which is only applicable to 
genetically unlinked autosomal DNA 
markers with completely independent 
inheritance.

Single-nucleotide 
polymorphisms
(SNPs). Variant at a single DNA 
position, mostly single-base 
substitutions, but also single-base 
deletions or insertions, sometimes 
used for variants with population 
frequency of over 1%.

Single-nucleotide variants
(SNVs). Variants at a single DNA position, 
mostly single-base substitutions but 
also single-base deletions/insertions, 
often used for variants without a certain 
population frequency and typically 
used for rare variants.

Touch DNA
DNA analysis, most commonly 
via forensic STR profiling, of small 
amounts of biological material, 
usually skin cells, transferred by a 
person to an object via physical  
contact.
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especially critical as governmental forensic institutions, with very 
few exceptions, cannot perform the type of forensic genetic research 
that leads to breakthrough innovations. To ensure the continuation 
of advances in forensic genetics and its societal benefits, govern-
ments must provide better funding opportunities for forensic genetic 
research, and universities must resume their societal responsibility in 
supporting forensic genetic research capabilities.

Published online: xx xx xxxx
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