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ABSTRACT 

Forensic DNA phenotyping (FDP) enables the prediction of specific phenotypic traits of an individual, 

such as physical appearance, biogeographical ancestry, and age, from minimal amounts of DNA ob-

tained from biological samples. FDP is particularly useful in identifying unknown perpetrators of 

crimes, especially when standard forensic profiling does not provide sufficient information due to 

the absence of known suspects or profiles in national DNA databases. 

A validated forensic phenotyping tool is the HIrisPlex-S system, designed for the simultaneous pre-

diction of eye, hair, and skin colour. Based on the analysis of 41 genetic polymorphisms associated 

with pigmentation, this system allows for the estimation of individual probabilities for three catego-

ries of eye colour, four categories of hair colour, and five categories of skin colour, using exclusively 

genotypic data. 

Originally developed to support specific criminal investigations, this tool has also been extensively 

used in recent years to predict the phenotype of ancient human skeletal remains. 

To date, phenotypic prediction based on ancient, degraded, and low-coverage data has been carried 

out by assuming knowledge of the allelic and genotypic states of the samples at the 41 loci of inter-

est. However, it is well known that directly calling genotypic variants from such data presents nu-

merous challenges due to genetic material fragmentation, contamination risks, and degradation. 

Over time, degradation causes the DNA to break into very small fragments, making it difficult to 

obtain complete and accurate sequences. This results in low sequencing depth, which drastically 

affects the ability to reliably identify genotypes, thereby contributing to errors in phenotypic infer-

ence. 

In the first part of this thesis, the robustness of the HIrisPlex-S system in phenotypic inference ap-

plied to ancient and low-coverage data was evaluated by testing it at various coverage levels. The 

required coverage level for ensuring robust inference was determined, and guidelines were estab-

lished for when to apply the standard HIrisPlex-S protocol versus when to use alternative methods 

that account for uncertainty in genotypic calls. The evaluation was conducted by analysing the re-

sults of phenotypic predictions for eye, hair, and skin colour obtained through three prediction mod-

els: 1) the standard HIrisPlex-S protocol, based on direct variant calling; 2) a model specifically de-

veloped in this work, which integrates the classic system with genotype likelihoods to account for 
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the uncertainty associated with low-coverage data in genotype calling; 3) imputation, used to handle 

potentially missing data in low-coverage genomes. 

To this scope, three available high-coverage samples were analysed: one from Palaeolithic Siberia, 

one from Mesolithic Sweden, and one from Bronze Age Germany. Using a downsampling procedure, 

phenotypic predictions for eye, hair, and skin colour were made by applying the three different pre-

diction models. The results of phenotypic predictions for each approach and coverage level were 

compared with the "true phenotype" inferred from the original high-coverage genome. Subse-

quently, the frequency of correct predictions by each method at each coverage level was evaluated 

to determine the limits and the most suitable approach for phenotypic prediction from ancient data, 

thereby minimizing errors in the estimations. 

The conclusions of this first part indicate that, regardless of the historical period of the analysed 

sample, it is advisable to apply the standard HIrisPlex-S protocol if minimum coverage levels of at 

least 8x at each of the 41 loci of interest are achieved. For coverages below 8x, the method devel-

oped and tested in this study, which uses genotype likelihoods for genotype estimation, is recom-

mended instead. 

The second part of this thesis project involved applying the protocol to a dataset of 348 Eurasian 

individuals ranging from the Upper Palaeolithic to the Iron Age, with the goal of examining the vari-

ation in eye, hair, and skin colour over the past 45,000 years. The resulting picture reveals a complex 

evolution of these traits: while dark phenotypes predominated for much of the studied period, light 

phenotypes began to appear from the Mesolithic onward in regions requiring environmental adap-

tation to high latitudes. Subsequently, these light phenotypes further spread in later periods due to 

a complex interaction between environmental adaptation and demographic events.  
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RIASSUNTO 

La fenotipizzazione forense del DNA (FDP) consente di prevedere determinati tratti fenotipici di un 

individuo, quali l’aspetto fisico, l’ascendenza biogeografica e l’età, a partire da minime quantità di 

DNA provenienti da campioni biologici. Tale tecnica risulta particolarmente utile nell’identificazione 

di autori sconosciuti di reati, nei casi in cui la profilazione forense standard non fornisca informazioni 

sufficienti a causa della mancanza di sospetti noti o profili presenti in database nazionali di DNA. 

Uno strumento di fenotipizzazione forense già sviluppato e validato è il sistema HIrisPlex-S, proget-

tato per la previsione simultanea del colore degli occhi, dei capelli e della pelle. Basato sull'analisi di 

41 polimorfismi genetici associati alla pigmentazione, questo sistema permette di stimare le proba-

bilità individuali per tre categorie di colore degli occhi, quattro di colore dei capelli e cinque di colore 

della pelle, utilizzando esclusivamente i dati genotipici. 

Questo strumento, originariamente sviluppato per supportare indagini criminali specifiche, è stato 

ampiamente utilizzato negli ultimi anni anche per prevedere il fenotipo di resti scheletrici umani 

antichi.  

Fino ad oggi, la predizione fenotipica basata su dati antichi, degradati e a bassa copertura, è stata 

effettuata assumendo la conoscenza dello stato allelico e genotipico dei campioni nelle 41 posizioni 

di interesse. Tuttavia, è noto che la chiamata diretta delle varianti genotipiche da tali dati presenta 

numerose sfide, a causa della frammentazione del materiale genetico, del rischio di contaminazione 

e della degradazione. Quest'ultima provoca, nel tempo, la rottura del DNA in frammenti molto pic-

coli, rendendo difficile l'ottenimento di sequenze complete e accurate. Ciò comporta una bassa pro-

fondità di sequenziamento, che influisce drasticamente sulla capacità di identificare in modo affida-

bile i genotipi, contribuendo così ad errori nell’inferenza fenotipica. 

Nella prima parte di questo lavoro di tesi è stata valutata la robustezza del sistema HIrisPlex-S nella 

procedura inferenziale fenotipica applicata a dati antichi e a bassa copertura, testandolo a diversi 

livelli di copertura. È stato determinato il livello di copertura necessario per garantire un'inferenza 

robusta e valutato quando applicare il protocollo classico di HIrisPlex-S e quando invece ricorrere a 

metodi alternativi che considerino l'incertezza nella chiamata genotipica. La valutazione è stata con-

dotta analizzando i risultati delle predizioni fenotipiche per il colore degli occhi, dei capelli e della 

pelle, ottenuti tramite tre modelli di predizione: 1) il protocollo standard di HIrisPlex-S, basato sulla 

chiamata diretta delle varianti; 2) un modello specificamente sviluppato in questo lavoro, che integra 
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il sistema classico con le genotype likelihoods, per considerare l’incertezza associata ai dati a bassa 

copertura nella chiamata dei genotipi; 3) l’imputazione, utilizzata per gestire i dati potenzialmente 

mancanti in genomi a bassa copertura. 

A tale scopo, sono stati analizzati tre campioni presenti in letteratura ad alta copertura: uno prove-

niente dalla Siberia del Paleolitico, uno dalla Svezia del Mesolitico e uno dalla Germania dell’Età del 

Bronzo. Utilizzando una procedura di abbassamento artificiale della copertura, sono state effettuate 

previsioni fenotipiche sui colori degli occhi, dei capelli e della pelle, testando i tre diversi modelli di 

predizione. I risultati delle previsioni fenotipiche per ciascun approccio e livello di copertura sono 

stati confrontati con il "fenotipo reale", inferito dal genoma originale ad alta copertura. È stato quindi 

valutato quante volte ciascun metodo, a ogni livello di copertura, ha prodotto previsioni corrette, al 

fine di determinare i limiti e l'approccio più idoneo per la predizione fenotipica da dati antichi, ridu-

cendo al minimo gli errori nelle stime. 

Le conclusioni di questa prima parte indicano che, indipendentemente dal periodo storico del cam-

pione analizzato, è consigliabile applicare il protocollo standard di HIrisPlex-S se si raggiungono livelli 

minimi di copertura di almeno 8x su ciascuna delle 41 posizioni di interesse. Per coperture inferiori 

a 8x, si raccomanda invece l'uso del metodo ideato e testato in questo studio, che utilizza le genotype 

likelihoods per la stima dei genotipi. 

La seconda parte di questo progetto di tesi ha previsto l'applicazione del protocollo a un dataset di 

348 individui eurasiatici, che spaziano dal Paleolitico superiore all'Età del Ferro, con l'obiettivo di 

osservare la variazione del colore degli occhi, dei capelli e della pelle negli ultimi 45.000 anni. La 

fotografia che emerge rivela un'evoluzione complessa di questi tratti: sebbene i fenotipi scuri siano 

stati predominanti per gran parte del periodo esaminato, i fenotipi chiari sono comparsi a partire dal 

Mesolitico, nelle regioni che richiedevano un adattamento ambientale alle alte latitudini. In seguito, 

tali fenotipi chiari si sono diffusi ulteriormente nei periodi successivi grazie a una complessa intera-

zione tra adattamento ambientale ed eventi demografici.
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1 INTRODUCTION 

1.1 Ancient DNA 

The study of ancient DNA (hereafter aDNA) has given rise to the emerging field of paleogenomics. 

This discipline involves analysing genetic material extracted from organisms preserved over ex-

tended periods, typically exceeding 100 years. By examining ancient genomes, paleogenomics ena-

bles insightful assessments of evolutionary processes, population dynamics, and genetic adaptations 

of past organisms, including non-human species (Brunson and Reich, 2019; Kerner et al., 2023). 

The origins of paleogenomics can be traced back to the 1980s. In 1984, researchers from the De-

partment of Biochemistry at the University of California, led by Allan Wilson, conducted pioneering 

research on aDNA. Their work involved extracting and sequencing 229 base pairs of mitochondrial 

DNA fragments from the dried muscle of a museum specimen of the quagga (Equus quagga), a 

zebra-like species that went extinct in 1883 (Higuchi et al., 1984). A year later, Swedish geneticist 

Svante Pääbo, who was awarded the Nobel Prize in Medicine in 2022, focused on amplifying short 

sequences from biological material found in a 2,400-year-old mummy of a child (Pääbo, 1985). How-

ever, these early studies faced significant technical limitations due to the inefficiency of bacterial 

cloning as an amplification method for investigating aDNA samples (Willerslev and Cooper, 2005). 

These studies revealed that preserved genetic material in ancient specimens was predominantly mi-

crobial or fungal, with endogenous DNA typically present in low concentrations as short, damaged 

fragments of multi-copy loci, such as mitochondrial DNA (mtDNA) (Figure 1.1). 

This fragmentation and degradation of DNA can be attributed to its susceptibility to external envi-

ronmental factors. During DNA replication, random errors may occur, which, if not corrected, be-

come permanently incorporated into the genome. External chemical and physical agents can also 

induce mutations. While living cells possess numerous repair mechanisms to detect and repair these 

errors, these mechanisms become inactive after cell death, leading to diagenetic processes in DNA, 

primarily through the action of nucleases (autolytic degradation) (Lindahl, 1993). DNA degradation 

is accelerated in warm, humid environments with acidic or basic pH, whereas degradation processes 

are considerably slowed in colder regions with neutral pH and in the absence of oxygen and water 

(Kirsanow and Burger, 2012; Hofreiter et al., 2015). Consequently, this geographical distribution sig-

nificantly affects the availability of aDNA samples. 
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The invention of PCR (Polymerase Chain Reaction), conceptualized by Kary Mullis in 1986, revolu-

tionized DNA analysis by simplifying and standardizing the amplification process (Pääbo and Wilson, 

1988; Thomas et al., 1989). However, PCR faced significant constraints due to the requirement for 

specific primers (20-30 bp) designed to amplify sequences typically longer (~150 bp), posing chal-

lenges for aDNA fragments. Designing these primers required prior knowledge of the sequence to 

be amplified, which was a limitation when dealing with ancient samples that might contain genetic 

variants absent in contemporary genomes. Furthermore, aDNA molecules often suffer from molec-

ular damage, favouring the amplification of longer and less damaged modern DNA molecules (Will-

erslev and Cooper, 2005; Knapp and Hofreiter, 2010). 

The advent of Next Generation Sequencing (hereafter NGS) has played a crucial role in recent ad-

vancements in aDNA research. NGS allows simultaneous sequencing and analysis of ultra-short DNA 

fragments (35-300 bp) without the constraints of primer-based methods, addressing challenges such 

as contamination and DNA damage. NGS has also improved the authenticity of aDNA data through 

comprehensive genome-wide analysis and targeted enrichment techniques, making it cost-effective 

to recover sequence data at various genomic scales (Orlando et al., 2021). 

Over the past four decades of aDNA research, improvements in extraction technologies have ena-

bled the retrieval of genetic material from diverse external sources such as soil (Willerslev et al., 

2003), coprolites (Gilbert et al., 2008), or resins (Jensen et al., 2019). The chronological range suita-

ble for DNA analysis has expanded significantly, now encompassing periods exceeding half a million 

years ago (560,000–780,000 years ago) (Orlando et al., 2013). Moreover, complete genomes of nu-

merous extinct species, including woolly mammoths (Palkopoulou et al., 2015) and cave bears (Bar-

low et al., 2018), as well as various human populations from Vikings (Margaryan et al., 2020) to 

Paleo-Inuit (Rasmussen et al., 2010) to Neanderthals (Green et al., 2010; Prüfer et al., 2014; Maf-

essoni et al., 2020), have been successfully sequenced.  

In addition to these achievements, ancient genomics also holds significant promise in medical re-

search by enabling the reconstruction of human health history, elucidating human adaptation to 

historical epidemics (Bos et al., 2014; Kerner et al., 2021), and identifying genetic factors influencing 

the immune systems of modern human populations (Kerner et al., 2023; Mathieson et al., 2015). 

These insights provide opportunities for advancements in drug development (Kerner et al., 2023). 
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1.1.1 Sequencing of Ancient Data 

In the field of aDNA analysis, a wide variety of materials can be utilized to extract genetic infor-

mation, with a particular emphasis on molecular preservation. These materials include bone frag-

ments (Hagelberg et al., 1989; Fu et al., 2014), teeth, which also enable the retrieval of ancient 

blood-borne pathogens (Bos et al., 2011; Margaryan et al., 2018), petrous bone (Gamba et al., 2014), 

hair (Gilbert et al., 2006; Rasmussen et al., 2010), and soft tissues obtained from mummified remains 

or artificially conserved specimens (Higuchi et al., 1984; Pääbo, 1985).  

Dedicated clean laboratory facilities specifically designed for aDNA research are essential to mini-

mize the risk of contamination during DNA extraction and manipulation processes (Fulton and 

Shapiro, 2019). The preparation and analysis of aDNA involve several crucial steps to ensure the 

integrity and accuracy of the genetic material under study. Initially, DNA extraction is performed, 

which includes recovering DNA from the original matrix through demineralization and digestion (Si-

rak et al., 2017; Patzold et al., 2020). Techniques such as silica-based DNA isolation (Höss and Pääbo, 

1993), utilizing spin columns (Damgaard et al., 2015) or silica-coated magnetic beads (Glocke and 

Meyer, 2017) are employed. These methods are crucial for efficiently retrieving short DNA 

Figure 1.1 - The cellular DNA exists in two distinct compartments: nuclear DNA containing the majority of genetic information, and the 
smaller mitochondrial genome present in thousands of copies. Post-mortem, DNA undergoes gradual degradation, resulting in mini-
mal remnants, often contaminated with DNA from bacteria and contemporary humans (image taken from: https://www.no-
belprize.org/prizes/medicine/2022/press-release/). 
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fragments, essential for the analysis of degraded samples and help to separate aDNA from potential 

contaminants, thus maintaining the purity of the extracted sample. 

Following extraction, DNA can be treated with the USER reagent, a commercial enzymatic mix con-

taining uracil–DNA–glycosylase (UDG) and endonuclease VIII (Endo VIII), aimed at reducing sequenc-

ing errors caused by post-mortem damage. This treatment eliminates damaged nucleotides but also 

removes patterns necessary for authenticating aDNA. In mammalian DNA, these patterns can still be 

identified in CpG dinucleotides (Briggs et al., 2010), which are heavily methylated in vertebrate nu-

clear genomes and protected from USER degradation. A modified USER protocol known as UDG-half 

has been developed to preserve some damage markers while minimizing errors (Rohland et al., 

2015). 

In palaeoenvironmental aDNA research, an optional step can be meta-barcoding, aimed at retrieving 

information about past species communities using barcode PCR, able to amplify specific sites from 

a diverse array of organisms, and NGS (Crump et al., 2019).  

Subsequently, aDNA fragments prepared for sequencing are converted into DNA library. Two primary 

methods are employed: double-stranded and single-stranded library preparations. In double-

stranded preparation, aDNA molecules are end-repaired and ligated to double-stranded adapters 

(Gansauge and Meyer, 2013; Gansauge et al., 2020), while single-stranded preparation involves li-

gating heat-denatured aDNA templates to adapters as single-stranded molecules. Single-stranded 

preparation is particularly advantageous for samples with low biomass, allowing incorporation of 

DNA with post-mortem damage and enhancing the fraction of endogenous DNA in sequencing li-

braries (Gansauge and Meyer, 2013; Gansauge et al., 2020). During library construction, unique iden-

tifying sequences (indexes) are integrated within the adapters. These indexes facilitate the pooling 

of multiple samples and minimize contamination risks by ensuring that only sequences from samples 

with the correct adapter-index combinations are analysed (Kircher et al., 2012; Rohland et al., 2015; 

Gansauge et al., 2020). 

Additionally, target-enrichment methods can be utilized before sequencing to optimize efforts on 

specific regions of interest within aDNA libraries, given the often limited endogenous DNA content 

(Burbano et al., 2010). 

The resulting library can be amplified via PCR to increase the quantity of genetic material available 

for sequencing, thereby improving sensitivity and precision in genetic analyses. PCR amplification 
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uses specific enzymes capable of amplifying damaged templates (Gansauge and Meyer, 2013; Se-

guin-Orlando et al., 2015). 

Subsequently, aDNA libraries are subjected to sequencing using technologies such as Illumina, which 

utilize "sequencing by synthesis". This method involves sequencing tens-to-hundreds of millions of 

clusters containing small ssDNA templates simultaneously. Initially, DNA fragments are prepared 

with specific adapters, followed by cluster generation on a surface and sequential addition of fluo-

rescent nucleotides (Rasmussen et al., 2010). To each base call is assigned a measure of uncertainty, 

known as a quality score. The resulting sequencing data consists of relatively short segments, typi-

cally around 50-100 base pairs, referred to as "reads" (Fumagalli et al., 2013). 

These meticulous procedures in DNA extraction, library preparation, and amplification are essential 

for generating precise and reliable sequencing data from aDNA. These steps form the basis for sub-

sequent computational analyses; however, before the data can be analysed, it must first undergo 

cleaning and processing. 

Various tools and pipelines exist for the analysis of aDNA sequences, and the choice of methods 

depends on the specific objectives of the research project, such as paleoenvironmental reconstruc-

tion, microbial profiling, or population history modelling. Despite diverse aims, several common 

steps apply to most analytical workflows. These steps include processing raw sequencing data, align-

ing sequences against reference genomes, and evaluating the authenticity and error rates of the 

sequences, particularly addressing miscoding lesions caused by post-mortem damage. 

The initial processing steps involve index demultiplexing to identify and assign reads to their respec-

tive libraries based on index combinations. This is followed by read trimming to remove adapter 

sequences and low-quality terminal regions. For paired-end reads, overlapping pairs are collapsed 

into consensus sequences (Renaud et al., 2014; Schubert et al., 2016). The performance of mapping 

tools can vary depending on the experimental procedures followed during sample preparation, in-

cluding the type of DNA library constructed and whether the extracts underwent USER treatment 

(Poullet and Orlando, 2020).  

Processed reads are usually aligned to a reference genome, or assembled into scaffolds in a de novo 

assembly when a reference genome is unavailable, using tools like BWA (Li and Durbin, 2010) or 

Bowtie2 (Langmead and Salzberg, 2012) and the chosen parameters are optimized to maximise map-

ping specificity and sensitivity, influenced by factors such as DNA fragment size, and the extent of 

post-mortem damage (Green et al., 2009; Schubert et al., 2012). It is important to highlight that 
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reads are mapped against the reference genomes of the target species, such as the human genome, 

which contains only the reference allele being present at polymorphic sites. Short reads carrying 

alternate alleles are less likely to map compared to those with the reference allele, leading to a po-

tential bias against non-reference variation. This bias can significantly impact population genetic in-

ference (Günther and Nettelblad, 2019; Martiniano et al., 2020). To address this, post-mapping read 

filtering procedures can be employed. Once the alignment phase is complete, any duplicates result-

ing from PCR are checked for, as they can lead to the overrepresentation of some reads. 

Following alignment, the authentication of genomic DNA from individual samples requires the ob-

servation of post-mortem nucleotide misincorporation due to cytosine deamination (Hoss et al., 

1996; Jónsson et al., 2013) and the estimation of contaminating DNA based on heterozygosity levels 

in haploid chromosomes (Krause et al., 2010). Post-mortem DNA damage patterns can be quantified 

in non-USER-treated or partially USER-treated libraries using the tool mapDamage2 (Jónsson et al., 

2013). Cytosine deamination can also be estimated with PMDtools (Skoglund et al., 2014) on fully 

USER-treated data, focusing on CpG dinucleotides (Briggs et al., 2010). Estimating contamination 

based on ploidy can be challenging, as it generally necessitates access to a polymorphism database 

to account for the probability that contaminating molecules may go undetected due to shared vari-

ants between the contaminant and the endogenous genome. However, various tools exist for as-

sessing contamination levels in haploid chromosomes, such as Schmutzi (Renaud et al., 2015) for 

mitochondrial DNA data and ANGSD (Korneliussen et al., 2014) for the X chromosome in males. 

1.1.2 Challenges in Variant Calling 

The process of transforming base calls into genotypes is commonly split into two distinct stages: 

Single Nucleotide Polymorphisms (hereafter SNPs) calling and genotype calling. SNP calling seeks to 

identify positions where polymorphisms occur or where at least one base differs from the reference 

genome; the latter, termed as “variant calling”, involves assigning genotypes to individuals, typically 

restricted to positions where a SNP or variant has previously been identified (Nielsen et al., 2011).  

Considering the aforementioned challenges associated with aDNA, data typically exhibit short frag-

ment lengths, low coverage, and a high intrinsic error rate. This limitation complicates the accurate 

of variants calling, thereby introducing considerable uncertainty into the results. Quantifying and 

addressing this uncertainty is crucial as it profoundly impacts downstream analyses reliant on in-

ferred SNPs and genotypes. 
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Sequencing depth, also known as coverage, refers to the number of unique sequencing reads that 

align to specific regions in a reference genome, indicating how frequently each nucleotide is se-

quenced at those positions. For instance, a sequencing depth of 30x for a human genome means 

that, on average, each base in the genome is sequenced 30 times from different reads (Figure 1.2). 

In cases of low coverage, the chance of identifying heterozygous sites decreases if genotype calling 

relies solely on the presence or absence of an allele, as only one chromosome of a diploid individual 

might be sampled at specific sites (Nielsen et al., 2012).  

The error rate partly arises from the inherent nature of ancient data, compounded by features of 

NGS platforms. This error, in the context of Illumina platform sequencing, is influenced by various 

factors, including mixed clusters, potential cross-contamination of indexed oligonucleotides, and the 

formation of chimeras during PCR (Nielsen et al., 2011; Kircher et al., 2012; Korneliussen et al., 

2014).  

1.1.2.1 Genotype Likelihoods 

Developing a strategy that utilizes available sequencing reads while addressing potential biases in 

variant calling would be advantageous. An efficient method involves employing a Bayesian frame-

work to compute genotype posterior probabilities based on genotype priors and genotype likeli-

hoods (Nielsen et al., 2011). In essence, Bayes' theorem facilitates the inference of conclusions (pos-

teriors) by integrating prior expectations (priors) before conducting the analysis, while also consid-

ering the likelihood of the data under a chosen model. These probabilities are conditional, repre-

senting the probability of event A given that event B has occurred. 

Figure 1.2 - Example of sequence coverage, ranging from 1x to 5x. Blue band stands for genome sequence, white bands stand for 
genomic reads. 
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The distribution chosen to represent knowledge about the parameter of interest (priors) is deter-

mined based on available information regarding the parameter before analysis. In the context of 

genotype posterior probabilities, prior probabilities are determined independently of information 

obtained from NGS data. For instance, when sequencing a single individual, the prior probability for 

genotypes may be uniformly distributed or informed by external sources such as the reference se-

quence or SNP databases. When dealing with multiple samples, prior probabilities can be computed 

by considering allele frequencies or genotype frequencies. If allele frequencies are known, genotype 

probabilities can be calculated using assumptions like the Hardy-Weinberg equilibrium (HWE) or 

other models relating allele frequencies to genotype frequencies. Uncertainty in allele frequency 

estimation can be addressed by assigning a prior to the allele frequency itself, rather than estimating 

it directly. This prior can be derived from observed data or established population genetic theory 

(Nielsen et al., 2011). 

The probability used to indicate the likelihood of observing data within a specific model can be se-

lected based on available data. One example is the method utilized in the original GATK (McKenna 

et al., 2010), and also implemented in the software ANGSD (Korneliussen et al., 2014). 

Given a genotype G of a biallelic locus consisting of the A1 and A2 alleles, for a position i covered by 

M reads, the genotype likelihoods are defined as the probability of observing base b corresponding 

to the A1 and A2 alleles, respectively: 

𝑃𝑟(𝐷|𝐺 =  {𝐴1, 𝐴2}) =  ∏ 𝑃𝑟(𝑏𝑖|𝐺 =  {𝐴1, 𝐴2}) =  ∏ (
1

2
𝑃𝑟(𝑏𝑖|𝐴1) +

1

2
𝑃𝑟(𝑏𝑖|𝐴2))

𝑀

𝑖=1

𝑀

𝑖=1

 

The probability of the base b to be equal to an A allele is calculated using the probability of sequenc-

ing error e of base b obtained from the Phred-scaled base quality score q by the sequencer 𝑒 =

 10−𝑞 10⁄ .  

𝑃𝑟(𝑏|𝐴) = {

𝑒

3
∶ 𝑏 ≠ 𝐴

1 − 𝑒 ∶ 𝑏 = 𝐴
 

This assumes independence between the reads. 

This method prioritizes the likelihood of observing a specific set of sequencing reads rather than 

making absolute genotype calls at each position. As a result, it produces detailed measurements that 

account for their uncertainties, offering results that can be interpreted statistically with clarity (Niel-

sen et al., 2011). 
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1.1.2.2 Genotype Imputation 

When direct genotype determination encounters obstacles such as low coverage or missing data, 

genotype imputation becomes essential. This technique facilitates genotype inference through sta-

tistical methods that rely on the knowledge of haplotype distributions within the population (Cassidy 

et al., 2020; Sousa da Mota et al., 2023). 

Genotype imputation is widely employed in contemporary data studies to reduce sequencing costs. 

Moreover, it has proven effective in aDNA research, achieving robust concordance (>99%) between 

imputed genotypes and high-quality counterparts in human ancient genomes, even at low coverage 

levels such as 0.5x (Erven et al., 2022; Sousa da Mota et al., 2023).  

The process of genotype imputation leverages comprehensive genetic datasets known as reference 

panels (Li et al., 2009). These panels are derived from genotypes collected across large sample sizes 

and undergo a phasing process, wherein alleles are assigned to chromosomes to construct ordered 

haplotype sequences. Once established, these reference haplotype panels enable the phasing of 

genotypic data from target samples, facilitating comparison and inference (Naj, 2019).  

Inference of missing data relies on models of linkage disequilibrium (hereafter LD) and haplotype 

sharing, notably the Li and Stephens model (Li & Stephens, 2003). This model calculates the likeli-

hood of encountering a chromosome (or haplotype) based on previously sampled haplotypes from 

a population, treating the new haplotype as a replication of segments from the sampled haplotypes 

while allowing for mutations. The extension of LD provides a measure of haplotype diversity within 

the same panel and allows for the detection of SNPs in high LD with other groups of SNPs present in 

a genomic region, thereby contributing to haplotype capture (Li and Stephens, 2003; Sousa da Mota 

et al., 2023; Torkamaneh and Belzile, 2021). These data are compared with the samples under study 

to find the best possible match. Once the best match between the sample and the reference panel 

is determined, the absent variants in the sequencing data of the sample are inferred, and their cor-

responding probability of matching is assigned. 

The choice of reference panel is critical and ideally should consider populations with similar LD pat-

terns, haplotype distributions, and demographic histories of the study samples. However, challenges 

arise from the presence of rare variants and differing population dynamics, including migration and 

admixture (Wang and Chatterjee, 2017; Naj, 2019; Torkamaneh and Belzile, 2021; Deng et al., 2022). 

Therefore, careful consideration is necessary when selecting the panel to ensure alignment with the 

population structure of the samples under study. Additionally, a thorough assessment of the inferred 
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data is required, considering the limitations of imputation, such as the inference of incorrect geno-

types (Torkamaneh and Belzile, 2021; Orlando et al., 2021). 

aDNA imputation introduces extra challenges that may affect the accurate capture of ancient indi-

viduals’ ancestries using present-day reference panels. In 2020, Hui and colleagues released a two-

step imputation pipeline for ancient genomes (Hui et al., 2020). Initially, genotype likelihoods were 

imputed using Beagle v4.1 (Browning and Browning, 2016), followed by site removal based on max-

imum genotype probability (hereafter GP). Subsequent imputation with Beagle v5 (Browning et al., 

2018), coupled with final GP filtering, increased the proportion of heterozygous sites meeting GP 

thresholds compared to single-step methods. Validation using a single downsampled ancient Euro-

pean genome supported these findings. In 2022, a group led by Iain Mathieson compared this pipe-

line with GLIMPSE (Rubinacci et al., 2021), finding higher precision with GLIMPSE but greater recall 

with the Hui et al. pipeline (Cox et al., 2022). Another study published in 2022 by Ausmees and 

colleagues evaluated imputation performance across various coverage levels and reference panel 

configurations, suggesting improved accuracy with broader population inclusion in the 1000 Ge-

nomes reference panel and simultaneous imputation of ancient genomes (Ausmees et al., 2022).  

In 2023, a study entitled “Imputation of ancient human genomes”, published in Nature Communica-

tions by Bárbara Sousa da Mota, addressed the limitations of previous studies, such as limited sam-

ple sizes of ancient genomes and their predominantly European descent (Sousa da Mota et al., 

2023). In this study, an ancient trio (comprising a mother, father, and son) was re-sequenced, and 43 

ancient genomes were downsampled and imputed, including 42 high-coverage genomes (exceeding 

10x coverage). The accuracy of imputation was evaluated across various factors such as ancestry, 

time, coverage depth, and sequencing technology, revealing that error rates are influenced by the 

ancestry of the ancient genomes. The representation of a given population in the reference panel 

significantly affects imputation accuracy, with genotyping errors at alternative allele sites ranging 

from above 5% to 25% among African genomes at 1x coverage. Additionally, it was found that the 

age of samples can negatively affect the imputation accuracy of rare variants. 

These findings highlight significant implications for the imputation of ancient genomes, particularly 

when a direct descendant population without admixture is not available in the present day. The 

results indicate that using admixed reference populations with recent shared ancestry with ancient 

genomes can achieve accurate imputation, even for rare variants. Furthermore, common variants 
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can be accurately imputed in very old non-African genomes or those poorly represented in the ref-

erence panel, likely due to their shared historical background. 

1.2 Genetic Origins of Eurasia 

The time period spanning approximately from 50,000 to 5,000 years ago witnessed significant de-

mographic changes among human populations in Eurasia. This era marked the expansion of anatom-

ically modern humans throughout Eurasia, alongside the disappearance of archaic human groups 

that had previously inhabited these regions up until 40,000 years ago (Skoglund and Mathieson, 

2018).  

Initially, early Eurasian populations of the Upper Palaeolithic were distinct and contributed minimally 

to later Eurasian genetic diversity (Fu et al., 2014; Fu et al., 2015). 

Between 35,000 and 15,000 years ago, genomic analysis indicates that ancient Homo sapiens in 

western and eastern Eurasia began to resemble present-day Europeans or Asians (Seguin-Orlando 

et al., 2014; Allentoft, Sikora, Refoyo-Martínez, et al., 2024). Following the Last Glacial Maximum 

around 20,000 years ago, Eurasia saw a repopulation likely originating from refuges in southern and 

central Europe, resulting in a genetic amalgamation of European and Asian ancestries in northern 

Eurasia (Fu et al., 2016; Yang and Fu, 2018).  

Subsequent to the Palaeolithic era, early recolonizations were replaced by populations contributing 

to the formation of European Mesolithic hunter-gatherer populations (hereafter HGs). Their genetic 

legacy in modern European populations dates back approximately to 37,000 years (Seguin-Orlando 

et al., 2014), yet their overall genetic impact was limited due to reduced variability and the influx of 

new populations (Marchi et al., 2022).  

Initially viewed as a homogeneous group, HGs exhibit genetic diversity reflective of their regional 

distribution: West hunter-gatherers (hereafter WHGs), Scandinavian hunter-gatherers (hereafter 

SHGs), East hunter-gatherers (hereafter EHGs), and Caucasian hunter-gatherers (hereafter CHGs) 

(Skoglund, Malmström, et al., 2014; Lazaridis et al., 2014; Haak et al., 2015; Jones et al., 2015; Al-

lentoft, Sikora, Refoyo-Martínez, et al., 2024) (Figure 1.3).  

WHGs ancestry is believed to originate directly from groups associated with the Epigravettian, Azil-

ian, and Epipalaeolithic cultures, specifically those within the Villabruna cluster (Fu et al., 2016). In 

contrast, EHGs ancestry exhibits additional admixture with a source from the Upper Paleolithic 
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Siberian region, known as Ancient North Eurasian (hereafter ANE) (Raghavan et al., 2014). The com-

position of WHGs ancestry was regionally diverse among Mesolithic populations. Evidence indicates 

ongoing local admixture among Iberian HGs (Villalba-Mouco et al., 2019), in contrast to the more 

homogenous WHGs ancestry observed in Britain and northwestern continental Europe (Brace et al., 

2019). The admixture event that gave rise to EHGs ancestry is estimated to have occurred between 

13,000 and 15,000 years ago, with a composition that aligns broadly with geographical gradients. 

Baltic and Ukrainian HGs demonstrate a greater affinity to the Villabruna Upper Paleolithic cluster 

compared to Russian HGs, who show a stronger ANE influence (Mathieson et al., 2018; de Barros 

Damgaard et al., 2018; Saag et al., 2021; Posth et al., 2023). SHGs exposes a varied mix of WHGs and 

EHGs ancestries among the later Mesolithic populations, revealing an east-west genetic gradient, 

distinct from patterns observed in other parts of Mesolithic Europe (Günther et al., 2018). CHGs 

diverged from WHGs populations around 45,000 years ago and subsequently contributing to the 

ancestry of nomadic pastoralist populations of the Pontic-Caspian steppes. Another branch emerged 

from the ancestral population of CHGs, becoming the ancestors of the first Neolithic farmers in the 

Levant (Jones et al., 2015). 

Two major cultural transitions significantly reshaped the genetic landscape of Europe: the introduc-

tion of agriculture during the Neolithic period and the Bronze Age's arrival of the Yamnaya culture, 

marking distinct contributions to the genetic makeup of modern European populations (Günther 

and Jakobsson, 2016) (Figure 1.3).  

The Neolithic revolution in Europe marked a shift from nomadic hunter-gatherer lifestyles to settled 

agricultural communities. This transition was primarily driven by population movements rather than 

mere cultural diffusion, as migrating farmers from the Middle East introduced agricultural practices 

(Ammerman and Cavalli-Sforza, 1984). 

Unlike HGs, Neolithic farmers were genetically closer to populations in southwestern Europe than 

those in the Near East  (Skoglund et al., 2012), with genetic evidence tracing their origins back to 

Anatolia and the Levant approximately 12,000-11,500 years ago (Mathieson et al., 2015; Omrak et 

al., 2016; Lazaridis et al., 2016; Kılınç et al., 2016).  

The spread of agriculture in Europe occurred through multiple routes, including the Danube and 

Mediterranean coast, resulting in diverse genetic and cultural impacts across the continent 

(Özdoğan, 2011; González-Fortes et al., 2017) 
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Being more isolated from mainland Europe, Britain experienced a delayed adoption of agricultural 

and husbandry techniques, occurring around 6,000 years ago, approximately a millennium after 

these practices were established on the continent. This introduction came through the migration of 

peoples descended from Neolithic Iberian farmers who reached Britain via the Mediterranean route 

(Brace et al., 2019). A similar delay in transitioning to the Neolithic lifestyle is observed among Dan-

ish Mesolithic individuals, lagging by over a millennium compared to Central Europe. This transition 

was rapid and led to a significant turnover in population dynamics, with minimal genetic input from 

local HGs (Allentoft, Sikora, Fischer, et al., 2024). The impact of ancient Neolithic farmers was most 

pronounced in Iberia and Italy, whereas central, eastern, and Scandinavian Europe experienced dis-

tinct influences (Allentoft, Sikora, Refoyo-Martínez, et al., 2024). Although initial gene flow between 

farmer populations and indigenous HGs was limited or absent (Jones et al., 2017), some regions, 

particularly in the late Neolithic, saw the “resurgence” of HGs ancestry in genomes, possibly due to 

reduced gene flow from Anatolia (Figure 1.3). The interaction between these populations, especially 

in regions like France, where migration routes converged, was complex, resulting in a mosaic of cul-

tures. Genetic studies in this area highlight a higher prevalence of local HGs ancestry, contrasting 

with more diluted traces found in central-eastern European regions (Rivollat et al., 2020).  

HGs populations east of the genetic barrier stretching from the Black Sea to the Baltic maintained 

genetic continuity until about 5,000 years ago, while western regions underwent nearly complete 

replacement of local HGs populations following the arrival of Neolithic farmers (Allentoft, Sikora, 

Refoyo-Martínez, et al., 2024).  

By the end of the Neolithic period, the genetic composition of Europeans reflected a combination of 

Anatolian farming community profiles and, to a lesser extent, HGs populations. The arrival of Meso-

lithic HGs and Neolithic farmer-herders was not the only significant episode of population movement 

that shaped the genetic pool of Europeans. 

During the Bronze Age, a third ancestral component arrived from the steppes of present-day 

Ukraine, further diversifying the genetic profile of European populations throughout history. This 

component had a more substantial impact in northern Europe than in the southern regions of the 

continent (Haak et al., 2015). Archaeological findings indicate that the semi-nomadic pastoralists of 

the Yamnaya culture migrated from the Pontic-Caspian steppes around 6,500 years ago, contributing 

to the emergence of the Corded Ware culture (Allentoft et al., 2015; Haak et al., 2015; Narasimhan 

et al., 2019). Besides their westward expansion, evidence suggests eastward migration as well, as 
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seen in discoveries from the Altai and Sayan Mountains that align with the Afanasievo culture. The 

genetic profile of the Afanasievo population closely resembles that of the Yamnaya culture (Allentoft 

et al., 2015). The spread of these groups into Europe was likely facilitated by advancements such as 

two-wheeled chariots and the domestication of horses. 

Upon entering Europe, they introduced a new ancestral genetic component known as the Steppe 

component, which significantly shaped the genetic landscape of modern Europeans towards the end 

of the Bronze Age (Allentoft et al., 2015; Haak et al., 2015). Individuals associated with the Yamnaya 

culture carried structured genetic components linked to CHGs and EHGs in their genomes (Jones et 

al., 2015; de Barros Damgaard et al., 2018) (Figure 1.3). This Steppe genetic component in Europe is 

found alongside migrations from the steppes. EHGs show genetic affinities with Mal'ta (MA1) (Figure 

1.3), a Siberian child from 24,000 years ago who represents ANE, contributing to the genetic makeup 

of present-day Europeans and Native Americans, though less so to Asian populations (Raghavan et 

al., 2014; Skoglund et al., 2014; Haak et al., 2015). 

Simultaneously, with the spread of the Corded Ware culture in north-central and northeastern Eu-

rope around 5,750 years year ago, the Bell Beaker complex expanded from the Iberian Peninsula in 

western Europe. The dissemination of this culture across the continent involved both cultural diffu-

sion and genetic exchanges among neighbouring populations. In Iberia, individuals associated with 

the Bell Beaker culture lacked Steppe ancestry, contrasting with Bell Beaker populations in central 

Europe where Steppe ancestry was prevalent, suggesting primarily cultural diffusion. Conversely, in 

Great Britain, the arrival of the Bell Beaker culture introduced significant Steppe ancestry previously 

absent, leading to substantial genetic replacement, affecting approximately 90% of the population's 

genetic makeup (Olalde et al., 2018). 

Modern European populations have thus received genetic contributions primarily from 3 distinct 

ancestral populations, each contributing to varying degrees depending on the geographical region 

analysed (Lazaridis et al., 2014). 

From the Iron Age onward, the genetic makeup of European populations began to resemble that of 

contemporary populations in the same regions today (Günther and Jakobsson, 2016; Moots et al., 

2023; Antonio et al., 2024). These populations exhibited genetic structures distinct from those of 

Mesolithic HGs or Neolithic farmers (Günther and Jakobsson, 2016).  

Indeed, from around 3,000 years ago, genomic analysis reveals high genetic diversity among conti-

nental populations attributed to increased mobility (Olalde et al., 2019; Antonio et al., 2019).  
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1.3 Evolutionary History of Eurasian Pigmentation 

Human coloration has evolved distinctively from that of most non-human primates due to different 

evolutionary trajectories and adaptive pressures. Non-human primates typically have coats consist-

ing of brown or grey agouti hairs, though there is significant variation. They commonly exhibit darker 

dorsal and lighter ventral pelage on their trunk and limbs, likely serving purposes such as conceal-

ment and body temperature regulation (Walsberg, 1988; Caro, 2005; Bradley and Mundy, 2008; 

Caro, 2013). Certain primate lineages, particularly forest-dwelling diurnal species, display notable 

Figure 1.3 - Principal components analysis (PCA) of all ancient individuals, along with present-day West Eurasians, replicates the posi-
tioning of present-day Europeans between the Near East and HGs and the clustering of early farmers from across Europe. EHG from 
Russia are closer to MA1 and ANE and form a cline with WHG from Luxembourg, Spain, and Hungary. SHG are intermediate. Middle 
Neolithic Europeans from Germany, Spain, Hungary, and Sweden are intermediate between the earlier farmers and WHG, suggesting 
an increase in WHG ancestry throughout much of Europe. By contrast, in Russia, the later Yamnaya steppe herders plot between the 
EHG and the present-day Near East/Caucasus, indicating a decrease in EHG ancestry during the same period. Late Neolithic and Bronze 
Age samples from Germany and Hungary are distinct from the preceding Middle Neolithic samples, plotting between them and the 
Yamnaya (image taken from Haak et al., 2015). 
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coat colour patterns (Kingdon, 1980; Chaplin and Jablonski, 1998; Caro, 2013). In contrast, nocturnal 

non-human primates often have cryptic body coloration with distinctive mask-like patterns aiding in 

species and mate recognition under low-light conditions (Caro, 2013). 

Humans, however, lack extensive fur coverage and exhibit minimal regional hair coloration patterns 

except for facial hair in some populations (Held, 2010). Most human skin is sparsely covered by 

nearly invisible vellus hairs, leading to the characterization of humans as "functionally naked". The 

remaining terminal hairs on the scalp and different types found in axillary and pubic regions reflect 

residual primate hair (Jablonski and Chaplin, 2017).  

Evolutionary perspectives on human hair loss explore comparative anatomy, physiology, paleoecol-

ogy, and climatology, despite challenges in hair and skin preservation in the fossil record (Wheeler, 

1985; Zihlman and Cohn, 1988; Bramble and Lieberman, 2004). This evidence supports natural se-

lection favouring enhanced thermoregulation during physical activity in warm environments, coin-

ciding with reductions in body hair and the development of dense eccrine sweat glands facilitating 

heat dissipation (Jablonski and Chaplin, 2000; Lieberman, 2014). However, reduced body hair in hu-

mans has drawbacks such as decreased protection against abrasion and ultraviolet radiation (here-

after UVR) (Branda and Eaton, 1978).  

Compensatory adaptations in Hominin skin evolved rapidly, evidenced by genomic comparisons with 

chimpanzees showing accelerated evolution in keratinization and epidermal differentiation genes 

(The Chimpanzee Sequencing and Analysis Consortium, 2005; Toulza et al., 2007; Gautam et al., 

2015). Simultaneously, constitutive pigmentation changes occurred with the emergence of perma-

nently darkly pigmented skin, inferred from anatomical and physiological evidence (Walter, 1971). 

Genomic studies of the human melanocortin 1 receptor (MC1R) locus indicate early evolution of 

dark eumelanin-rich skin pigmentation in Homo history, around 1,2 million years ago or earlier, cor-

relating with functional hairlessness and increased eccrine sweat gland density (Rana et al., 1999; 

Rogers et al., 2004). This adaptive evolution towards sun-protective MC1R alleles persisted through 

purifying selection in early Homo sapiens within sub-Saharan Africa, crucial for survival in regions 

with high UVR (Harding et al., 2000; Hudjashov et al., 2013). In addition, MFSD12 and DDB1 potential 

genetic loci, may have been present in early Homo sapiens, given their prevalence at high frequen-

cies in modern African populations and in some non-European populations today (Crawford et al., 

2017; Feng et al., 2021) (Figure 1.4). 
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Nevertheless, Homo sapiens has globally expanded over the past 100,000 years, with dispersal pat-

terns influenced by geographic, demographic, technological, and cultural factors. Variation in UVR 

intensity across time of day, season, latitude, and altitude affects individual UVR exposure, body 

coverage, and outdoor activities, likely shaping localized adaptations of pigmentation phenotypes 

(Jablonski, 2021).  

Hair and eye coloration in humans are primarily determined by the quantity and type of melanin 

produced and stored in melanosomes (Edwards et al., 2016; Norton et al., 2016). Unlike skin color-

ation, there is currently no consistent geographical pattern observed in hair and eye coloration based 

on the intensity and seasonality of UVR (Mackey et al., 2011). Indigenous populations outside of 

Europe, the Middle East, Central Asia, and South Asia typically exhibit limited variation in hair color-

ation (Westgate et al., 2013; Edwards et al., 2016; Norton et al., 2016), with scalp hair predominantly 

very dark brown in non-European populations (Shriver and Parra, 2000). A relatively high prevalence 

of blond hair is noted in specific geographic areas, such as Northern Island Melanesia (Kenny et al., 

2012; Norton et al., 2014) and Europe, where red hair also occurs (Liu et al., 2013). Iris coloration is 

mainly brown but varies significantly in shade (Edwards et al., 2016), with blue, green, and hazel 

eyes prevalent in Europe and some regions of the Middle East, Central Asia, and South Asia, where 

Europeans typically display the lightest eye colours (Norton et al., 2016).  

Hair and eye coloration appear to have undergone weaker natural selection, with genetic bottleneck 

events potentially influencing observed phenotypic patterns (Lazaridis et al., 2014). 

Figure 1.4 - The "hairy timeline of human evolution", schematically depicting the development of body hair and skin colour in pre-
Homo sapiens members of the human lineage, indicates that prior to the emergence of early Homo species around 2.8 million years 
ago, hominin skin was lightly pigmented and covered with dark hair. The transition to predominantly hairless bodies starting approx-
imately 2 million years ago marked a selective process that phased out the MC1R polymorphism. Subsequently, selection for dark 
pigmentation variants of DDB1 and MFSD12 genes continued through the emergence of H. sapiens around 0.3 million years ago 
(image taken from Jablonski, 2021). 
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The variation in human skin coloration concerning geography and levels of UVR has been extensively 

studied. Populations residing nearer to the Equator, where UVR is intense, tend to have darker skin 

pigmentation, while those in regions farther from the Equator, with lower UVR levels, typically ex-

hibit lighter skin pigmentation (Figure 1.5). This geographical stratification in skin pigmentation is 

believed to stem from the evolutionary and adaptive history that has shaped human populations at 

various latitudes and altitudes (Sulem et al., 2007). 

The prevailing hypothesis regarding the evolution of dark skin coloration in early Homo species sug-

gests its role as a natural sunscreen, protecting against the photodegradation of cutaneous and sys-

temic folate under high UVR conditions (Branda and Eaton, 1978). Folate is essential at the cellular 

level for DNA synthesis, the cysteine cycle, and regulation of homocysteine. Ultraviolet radiation can 

degrade folate, posing significant health risks such as neural tube defects in newborns and cardio-

vascular diseases in adults (Bower and Stanley, 1989; Branda and Blickensderfer, 1993; Fleming and 

A) 

B) 

Figure 1.5 - The two maps illustrate how, with increased UVR exposure, skin tends to exhibit darker tones. A) Global clear-sky UV 
exposure map depicting varying levels of UV incidence from minimal (blue) to maximum (magenta) (image taken from ESA. Credit: 
KNMI/ESA). B) Global map illustrating distribution of skin pigmentation levels, derived from the research of Italian geographer R. 
Biasutti. Darker skin tones are represented by higher numerical values (image taken from Parra et al., 2007).  
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Copp, 1998; Lucock et al., 2001). Therefore, the evolution of eumelanin-rich pigmentation served to 

mitigate fertility issues caused by folate depletion, ensuring reproductive success and early survival. 

Additionally, dark skin coloration plays a crucial role in protecting epidermal DNA (DDB1 gene) 

against strand breaks (Jablonski, 2021).  

As Hominins migrated out of equatorial Africa, they encountered lower and variable UVR levels. 

Darkly pigmented skin, which contains eumelanin acting as an effective sunscreen, needed to adapt 

to facilitate the cutaneous biosynthesis of vitamin D due to reduced UVB penetration (Clemens et 

al., 1982; Webb et al., 1988; Chen et al., 2007). Vitamin D production is crucial for bone health and 

immune system function, making it essential for populations occupying non-tropical latitudes over 

the long term. This necessity led to the evolutionary reduction in eumelanin pigmentation, resulting 

in lighter skin, which allows for greater penetration of sunlight and increased vitamin D production 

(Murray, 1934; Loomis, 1967), while still maintaining folate stability.  

The delicate balance between preserving folate and synthesizing vitamin D underscores the adaptive 

significance of skin colour intensity in human populations (Rocha, 2020; Jablonski, 2021). 

The evolutionary development of depigmented skin in high-latitude Eurasian populations involved 

multiple genetic factors influencing both skin pigmentation and vitamin D metabolism. This adapta-

tion was not uniform across Eurasia but was part of a broader genetic and cultural complex aimed 

at optimizing vitamin D availability through diet and skin synthesis (Norton et al., 2007; Martínez-

Cadenas et al., 2013; Yang et al., 2016; Yang et al., 2018; Del Bino et al., 2018).  

In the extreme northwestern regions of Europe, such as northernmost Britain, geographic isolation 

during the Pleistocene and early Holocene periods favoured maximal depigmentation of the skin. 

This adaptation was facilitated by positive selection for genetic variants like TYRP1, SLC24A5, and 

SLC45A2, at 11,000-19,000 years ago respectively (Lamason et al., 2005; Norton et al., 2007; Sturm 

and Duffy, 2012). Extreme depigmentation in northwestern Europeans involved multiple skin pig-

mentation genes, including KITLG, inherited from the common ancestor of western European and 

east Asian populations (Hanel and Carlberg, 2020; Lao et al., 2007; Sulem et al., 2007), and likely 

accelerated by the advent of agriculture (Brace et al., 2019). Alongside genetic factors, adaptations 

related to genes affecting vitamin D production and metabolism also played a crucial role in this 

biocultural compromise, sometimes counterbalancing extreme depigmentation in high-latitude Eur-

asian populations (Hanel and Carlberg, 2020). A third component of this adaptation involves a diet 

rich in vitamin D, typically centred around oily fish and, in certain locations, including marine 
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mammals or wild/domestic reindeer (Ross et al., 2006; Chaplin and Jablonski, 2013; de Barros Dam-

gaard et al., 2018) (Figure 1.6). 

The evolution of skin lightening in northeastern Asia occurred under conditions of generally low and 

seasonal UVB radiation, similar to those in northwestern Europe (Jablonski and Chaplin, 2000; Chap-

lin and Jablonski, 2013). However, distinct genetic pathways influenced depigmentation in northern 

Europeans and East Asians. Research from 2018 highlights that selective pressure on the upstream 

region of KITLG, a gene shared by all Eurasians' common ancestor, was more pronounced in East 

Asians (Yang et al., 2018). This region likely conferred depigmentation and enhanced cold resistance, 

complemented by selection on variants of OCA2 (Yang et al., 2016) and MFSD12 (Adhikari et al., 

2019) that are absent in Europeans. These adaptations facilitated comparable levels of depigmenta-

tion beneficial for cutaneous vitamin D production.  

Thus, depigmentation in ancient western Europeans and East Asians exemplifies convergent evolu-

tion (Norton et al., 2007; Yang et al., 2016), where natural selection acted on different genes and 

variants in response to similar environmental pressures, achieving comparable physiological adap-

tations crucial for health and reproductive success (Jablonski and Chaplin, 2000; Chaplin and Ja-

blonski, 2013; Yang et al., 2018) (Figure 1.6). 

East Asians and western Europeans share visibly similar light skin, but their responses to UVR are 

different. The skin of East Asians has a higher density of melanosomes and produces more 

eumelanin and pheomelanin in response to UVR exposure than the skin of western Europeans (Hen-

nessy et al., 2005). Consequently, most East Asians can tan, whereas many Europeans, particularly 

northern Europeans, can tan only slightly or not at all. The moderate tanning abilities observed 

among some Scandinavians and northern Europeans are likely due to recent genetic admixture 

across northern Eurasia (Del Bino et al., 2018). 

Following the end of the Pleistocene, improved climatic conditions led to the development of exten-

sive steppe grasslands across much of hinterland Eurasia (Allentoft et al., 2015; de Barros Damgaard 

et al., 2018). This environment facilitated rapid human population growth associated with animal 

husbandry and relatively rapid, bidirectional east-west movements of people. The rise and expan-

sion of agriculture from Anatolia and Iran led to the incursion of agriculturalists into southern and 

central Europe, gradually displacing earlier HGs populations (Skoglund and Mathieson, 2018). The 

evolution of skin pigmentation genes and phenotypes in the region reflects these significant move-

ments and the influence of relatively few major-effect genes transmitted over long distances through 
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admixture (Brace et al., 2019; Ju and Mathieson, 2021). Among these, the classic depigmentation 

variant of SLC24A5 has the greatest impact, with evidence showing it reached western Europe via 

admixture with Anatolian agriculturalists, followed by continued positive selection (Ju and 

Mathieson, 2021) (Figure 1.6). 

  

In summary, human skin, hair, and eye coloration varies widely, influenced by different evolutionary 

forces. Hair and eye coloration have been more affected by genetic bottlenecks and sexual selection. 

In contrast, the evolution of skin pigmentation in Eurasian populations reflects a complex interplay 

of genetic adaptation to environmental factors, including UVR exposure and dietary practices, over 

millennia. This evolutionary journey has shaped regional diversity in skin pigmentation, highlighting 

the multifaceted nature of human adaptation to diverse ecological niches. 

Figure 1.6 - Generalized timeline of key events in the evolution of skin pigmentation across hinterland Eurasia: A) Around 70,000 years 
ago in central Eurasia, there was a selection on MC1R and a KITLG variant promoting lighter skin. By 10,000 years ago, the advent of 
agriculture and animal husbandry led to increased population admixture and diverse gene combinations favouring moderately pig-
mented, tannable skin. B) About 6,000 years ago in northern and northwestern Europe, the SLC24A5 variant underwent strong positive 
selection following its introduction by Anatolian agriculturalists. C) In East Asia, intensified selection pressures on the KITLG variant 
and other genetic loci contributed to further depigmentation over time (image taken from Jablonski, 2021). 



Robust inference of phenotypic traits from low-coverage ancient genomes 

 

22 
 

1.4 Reconstructing Phenotypes from Genomic Data: Insights into Ancient Humans 

The exploration of the human genome has posed significant challenges in the field of biology since 

Watson and Crick revealed the double helix structure. Initially, researchers concentrated on decod-

ing the connections among DNA, proteins and molecular mechanism (Raben et al., 2022). Central to 

understanding the inheritance of traits was Wilhelm Johannsen's distinction between genotype and 

phenotype, where the genotype refers to the inherited genetic composition of an organism and the 

phenotype represents the observable characteristics resulting from the interaction of the genotype 

with the environment (Johannsen, 1911). Building on this foundational understanding, a crucial 

question in genetics has been the extent to which genetic variation influences phenotypic diversity. 

In the early 20th century, a vigorous debate occurred between Mendelians, who emphasized dis-

crete monogenic traits inspired by Mendel's work, and biometricians, who investigated continuous 

traits such as height. Biometricians contended that Mendelian genetics could not account for the 

continuous variation observed in numerous traits. This controversy was addressed by R.A. Fisher in 

a paper in 1919 (Fisher, 1919), which elucidated that if multiple genes impact a trait, the random 

assortment of alleles produces a continuous, normally distributed phenotype within the population. 

Fisher illustrated that trait values and their (co)variances can be divided into components, indicating 

that the phenotypic observation of consistent within-family variance corresponds to a large number 

of Mendelian factors with additive effects (Barton et al., 2017; Boyle et al., 2017).  

Despite the effectiveness of Fisher's infinitesimal model in explaining inheritance patterns, particu-

larly in agricultural breeding, uncertainties persisted regarding the number of key genes influencing 

complex traits throughout the 20th century. Fisher's model proposed that complex traits could result 

from the combined effects of multiple genes with small additive contributions (Boyle et al., 2017). 

This theoretical framework laid foundational concepts in quantitative genetics, exploring how ge-

netic variation could contribute to phenotypic diversity through additive genetic effects. Subsequent 

technological advancements, such as Genome-Wide Association Studies (hereafter GWAS), have fur-

ther clarified the polygenic nature of traits by revealing associations between specific genetic vari-

ants across the genome and complex phenotypes (Boyle et al., 2017). These studies have provided 

crucial insights, indicating that phenotypic traits are often influenced by a multitude of genes dis-

tributed across the genome. 

Nevertheless, studying the relationship between phenotype and genotype remains challenging. This 

task arises not only due to the polygenic nature of traits but also because phenotypic variability 
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results from a combination of environment and additive and epistatic effects involving multiple al-

leles across different genes. The reconstruction of phenotypes from genomic data is additionally 

complicated by inadequate phenotype descriptions, incomplete or insufficient genotype data and 

the intricate network of interactions governing cellular functions (Frazier et al., 2003; Schulze and 

McMahon, 2004). 

As a consequence of these interactions, a minority of individuals demonstrate extreme phenotypic 

traits, while the majority exhibit average characteristics. Additionally, phenotypic changes typically 

manifest as quantitative variations in intensity rather than the mere presence or absence of traits, 

as noted by Frazier et al. (2003). It is crucial to recognize the disparity between genotype stability 

and the dynamic and responsive nature of phenotypes throughout an individual's lifespan, as dis-

cussed by Schulze and McMahon (2004). 

To advance understanding in this research field, GWAS can disclose significant genetic variants linked 

to specific traits. These studies identify molecular markers such as SNPs associated with traits of 

interest (Sulem et al., 2007; Liu et al., 2009; Branicki et al., 2011; Fagertun et al., 2015; Adhikari et 

al., 2016; Walsh et al., 2017; Böhringer and de Jong, 2019; Liu et al., 2021; Dorado et al., 2021), 

facilitating correlations between molecular markers and quantitative phenotypic traits. Further-

more, mathematical models based on genotypic data allow for phenotype prediction. Recent ad-

vancements in computing, particularly in bioinformatics, are invaluable for phenotyping research, 

enabling the integration of environmental, phenotypic and omics data to comprehensively under-

stand genetic influences on complex traits and their interactions with external factors (Dorado et al., 

2021). 

Predicting phenotypes from modern data remains a formidable challenge, despite technological ad-

vancements that offer assistance. However, this challenge becomes even greater when attempting 

to make predictions using ancient data. Reconstructing phenotypes from aDNA presents significant 

challenges, primarily arising from the quality and diversity of available genomic data. aDNA samples 

are frequently degraded and contaminated, posing obstacles to obtaining sequences of high quality. 

Moreover, the environmental conditions in which these samples are discovered can further impact 

the preservation of genetic material. Unlike modern humans, who benefit from extensive datasets 

and controlled environments for phenotype prediction, studying ancient Hominins presents more 

challenging circumstances due to the necessity of inferring phenotypes from genomic and environ-

mental contexts that are no longer accessible. This requires an emphasis on molecular phenotypes 
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at lower levels, such as gene expression and protein function, which are comparatively better char-

acterized and more stable across diverse populations and environments. As genomic technologies 

and computational methods progress, integrating comprehensive and high-quality genomic data 

from both modern and ancient sources will be indispensable for surmounting these challenges (Do-

rado et al., 2021; Brand et al., 2022).  

Understanding the physical characteristics and traits of ancient humans is crucial for unravelling the 

complexities of human evolution and gaining insights into the shared heritage of humanity. By ex-

amining and reconstructing the phenotypic traits of ancient populations, valuable information can 

be gathered about the adaptations, behaviours and physical characteristics that defined ancestors. 

This knowledge enhances comprehension of historical human societies and offers essential context 

for interpreting contemporary genetic diversity and phenotypic variability. Additionally, exploring 

ancient phenotypes facilitates the investigation of how factors such as environmental influences, 

genetic adaptations and cultural practices have shaped the trajectory of human development over 

time. Through the study of ancient human phenotypes, connections between the past and present 

can be established, promoting a deeper understanding of the diversity and flexibility exhibited by 

the human species throughout history. 

1.5 Forensic DNA Phenotyping of Pigmentation Traits 

Forensic DNA Phenotyping (hereafter FDP) differs from traditional DNA profiling, which relies on 

matching DNA to existing profiles in databases and often fails to identify individuals without prior 

records. FDP predicts physical traits directly from DNA extracted from human biological samples 

(Santos et al., 2013; Kayser, 2015; Kayser et al., 2023), generating investigative leads. Recent ad-

vancements in FDP have expanded the scope and accuracy of predicted traits, encompassing a wide 

range of externally visible characteristics (hereafter EVCs) such as eyebrow colour, freckles, hair 

structure, male pattern baldness, and height (Kayser et al., 2023), sub-continental ancestry infer-

ences (Xavier et al., 2022) and age estimations from various tissue types (blood, saliva, bones, and 

semen) (Heidegger et al., 2020; Woźniak et al., 2021; Pisarek et al., 2021).  

Technological progress, particularly in targeted massively parallel sequencing (MPS), has significantly 

increased the capacity for simultaneous analysis of numerous DNA predictors. Recent developments 

include innovative tools like the FORCE panel (Forensic Capture Enrichment) with thousands of SNPs 

for appearance and ancestry prediction (Tillmar et al., 2021), the VISAGE Enhanced Tool for 
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appearance and ancestry inference (Heidegger et al., 2020), HIrisPlex-S known for accurate eye, hair, 

and skin colour prediction (Chaitanya et al., 2018), and age estimation tools based on DNA methyl-

ation analysis (Freire-Aradas et al., 2017). 

However, studies on DNA-based prediction of appearance, ancestry, and age for forensic purposes 

highlight common challenges. These include small sample sizes affecting marker predictability, and 

the use of limited, non-independent datasets during model development stages. Complex EVCs, sim-

ilarly to common diseases, pose challenges in identifying responsible genes and predictive DNA 

markers due to the combined effects of multiple genetic factors. The genetic basis often involves 

minor contributions from individual genes, necessitating large-scale studies for statistical signifi-

cance, particularly in the presence of significant environmental influences that can obscure genetic 

signals (Wray et al., 2013; Kayser et al., 2023).  

Contrariwise, human pigmentation traits are among the least genetically complex of all EVCs, pri-

marily influenced by a small number of genes. This relative simplicity facilitates advanced genetic 

understanding and DNA-based prediction compared to other EVCs, which typically involve numerous 

genes contributing to their complexity (Kayser, 2015; Kayser et al., 2023). For this reason, in the 

following sections are summarized the recent advances in DNA prediction of eye, hair, and skin col-

our appearance. 

1.5.1 Eye Colour 

In 2007, two pioneering studies utilizing DNA for eye colour prediction were published. Frudakis and 

colleagues used 33 SNPs from the OCA2 gene, achieving an 8% accuracy rate among over 1,000 

samples (Frudakis et al., 2007). Concurrently, Sulem et al. conducted the first GWAS on human pig-

mentation traits among thousands of Europeans, identifying 9 SNPs across 6 genomic regions signif-

icantly associated with eye colour (SLC24A4, KITLG, 6p25.3, TYR, OCA2-HERC2, and MC1R). The 

model yielded a prediction accuracy of approximately 90% for blue eyes and 60% for brown eyes 

based on specific probability thresholds (Sulem et al., 2007).  

Subsequent research in 2008 highlighted the HERC2 gene as crucial for eye colour prediction, par-

ticularly the rs12913832 SNP as a major predictor (R2 from multiple linear regression modelling of 

categorical eye colour of 0.68%). The rs916977 SNP was found to be present in 97% of individuals 

with blue eyes (Kayser et al., 2008; Sturm et al., 2008; Eiberg et al., 2008).  
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In 2009, Liu and colleagues conducted the first comprehensive study with 37 SNPs from 8 pigmen-

tation genes among more than 6,100 Dutch Europeans. A predictive model for eye colour was de-

veloped utilizing 24 SNPs from 8 genes in a dataset of over 3,800 samples. Its accuracy was subse-

quently validated in an additional set of more than 2,300 independent samples, achieving AUC val-

ues of 0.93 for brown eyes, 0.91 for blue eyes, and 0.72 for intermediate eye colour. This study iden-

tified a minimal set of 6 SNPs, HERC2 rs12913832, OCA2 rs1800407, SLC24A4 rs12896399, SLC45A2 

rs16891982, TYR rs1393350, and IRF4 rs12203592, as primary predictors of eye colour (Liu et al., 

2009). 

In 2010, Valenzuela et al. evaluated 75 SNPs across 24 genes and found that 3 SNPs (HERC2 

rs12913832, SLC45A2 rs16891982, and SLC24A5 rs1426654) could explain 76.45% of eye colour var-

iation, with the vast majority attributed to HERC2 rs12913832 alone. However, the research, which 

included both European and non-European populations, faced challenges in distinguishing the ef-

fects of ancestry from those of eye colour (Valenzuela et al., 2010), complicating the interpretation 

of the prediction outcomes.  

Between 2011 and 2013, various studies tested numerous SNPs and attempted to develop eye col-

our prediction tests. Notable examples include the IrisPlex system by Walsh et al. (Walsh et al., 

2012), the Spichenok prediction approach (Spichenok et al., 2011), the work by Allwood and Harbi-

son (Allwood and Harbison, 2013), and the study by Ruiz et al. with the Snipper App suite 

(http://mathgene.usc.es/snipper/) (Ruiz et al., 2013). These studies demonstrated that incorporat-

ing HERC2 and OCA2 SNPs, which are in linkage disequilibrium, enhances prediction accuracies, par-

ticularly for intermediate eye colour.  

Debate surrounding gender differences in eye colour prediction persists, with studies like those by 

F. Liu et al. (2014), Martinez-Cadenas et al. (2013), and Pietroni et al. (2014) suggesting varying ef-

fects, often attributed to sample size limitations (Martinez-Cadenas et al., 2013; Liu et al., 2014; 

Pietroni et al., 2014). Emerging research on epistasis and SNP interactions in pigmentation traits, as 

explored by Branicki et al. (2009), F. Liu et al. (2010), and Pośpiech et al. (2011, 2014), underscores 

the complex genetic influences on eye colour and the potential for enhanced predictive models 

(Branicki et al., 2009; F. Liu et al., 2010; Pośpiech et al., 2014; Pośpiech et al., 2011). 

Recent advancements in DNA-based eye colour prediction have significantly enhanced both predic-

tive accuracy and genetic insight. Notably, refinements in models such as IrisPlex and HIrisPlex 

(Walsh et al., 2011; Walsh et al., 2013) and the introduction of VISAGE Software (Heidegger et al., 
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2020) have enabled predictions even from incomplete DNA profiles commonly encountered in fo-

rensic settings. Furthermore, recent GWAS have identified numerous genetic loci associated with 

eye colour variation. For instance, a 2021 study by the VisiGen Consortium revealed 61 new genetic 

loci linked to eye colour, collectively explaining a substantial proportion of observed variation in Eu-

ropean populations (Simcoe et al., 2021). 

1.5.2 Hair Colour 

The first DNA test capable of predicting hair colour, specifically red hair, was published in 2001 by 

Grimes and colleagues. This study demonstrated that, using a DNA test based on 12 MC1R variants, 

96% of individuals with two mutations associated with red hair were indeed confirmed to have red 

hair. The two individuals in the study who did not have red hair (one with blond hair and the other 

with light brown hair) reported having red hair in their youth (Grimes et al., 2001). 

In 2007, Branicki et al. sequenced the entire MC1R gene in over 180 individuals with various hair 

colours, including 40 with red hair and 36 with blond-red hair. They developed a DNA test for pre-

dicting red hair colour based on 5 MC1R variants (Branicki et al., 2007). The same year, the first 

attempt to predict all categorical hair colours via DNA was published as part of the Sulem et al. 

pigmentation GWAS study. Using 2 MC1R SNPs, rs1805008 and rs1805007, they initially predicted 

red hair with about 70% accuracy. For other hair colours, 9 associated SNPs from 6 genes were used, 

but these predictions were less accurate (Sulem et al., 2007). 

In 2010, Valenzuela et al. reported that 3 SNPs (SLC45A2 rs16891982, SLC24A5 rs1426654, and 

HERC2 rs12913832) could explain 76.3% of the total hair melanin variation (Valenzuela et al., 2010). 

In 2011, Branicki and colleagues conducted a systematic study using 46 SNPs from 13 genes previ-

ously associated with hair colour. They tested these for their predictive value in 385 Europeans from 

Poland and presented a model with 22 SNPs from 11 genes, achieving AUC values of 0.93 for red 

hair, 0.87 for black, 0.82 for brown, and 0.81 for blond. They could not validate the SLC24A5 

rs1426654 variant, as Valenzuela did in 2010, because in their Polish sample, 98.7% of the individuals 

were homozygous for the derived allele, with the few heterozygous individuals displaying different 

hair colours (Branicki et al., 2011). Based on previous findings and the SNP rankings observed by 

Branicki’s 2011 study, the first DNA test system for predicting all categorical hair colours, combined 

with eye colour prediction, was developed and published in 2013 as the HIrisPlex (Walsh et al., 

2013). 
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In 2013, 18 of the 22 SNPs utilized in the HIrisPlex system for hair colour prediction were incorpo-

rated into the commercial Identitas V1 Forensic Chip (http://identitascorp.com/). This tool, designed 

to provide forensic information including hair colour prediction, employs a modified HIrisPlex model 

that excludes 4 MC1R SNPs due to technical constraints, resulting in slightly diminished prediction 

accuracies (Keating et al., 2013). 

Recent advancements in DNA-based hair colour prediction have also demonstrated significant pro-

gress in predictive accuracy and genetic comprehension. Noteworthy updates include the refine-

ment of predictive models such as HIrisPlex (Walsh et al., 2013), now bolstered by a larger dataset 

encompassing nearly 1,900 samples and the development of VISAGE Software (Heidegger et al., 

2020), facilitating predictions from incomplete DNA profiles commonly encountered in forensic in-

vestigations. Additionally, recent GWAS studies have made substantial strides in identifying genetic 

loci linked to hair colour variation. For example, a comprehensive 2018 study by the VisiGen Consor-

tium identified 124 significant genetic loci associated with hair colour (Hysi et al., 2018). 

1.5.3 Skin Colour 

The current understanding of the genetics underlying skin colour variation is significantly less devel-

oped compared to that for eye and hair colour. This disparity arises from the global diversity of skin 

tone, in contrast to the predominantly European distribution of eye and hair colours, which allows 

for more straightforward genetic mapping in homogeneous populations. Traditional gene mapping 

methods, such as GWAS, are less effective for heterogeneous populations, resulting in skin colour 

research being conducted primarily within European or Asian groups. However, these studies are 

limited by the relatively small variation in skin tones within these groups compared to the broader 

intercontinental differences (Kayser, 2015). 

For instance, the 2010 study by Valenzuela et al. demonstrated high predictive accuracy for eye and 

hair colour (76.4% and 76.3%, respectively) but only 45.7% for skin reflectance using 3 specific SNPs 

(Valenzuela et al., 2010). Other studies by Spichenok et al., Pneuman et al., and Hart et al. using 

similar SNP sets showed low error rates but a significant proportion of inconclusive results, highlight-

ing the limitations of these approaches and the necessity for careful interpretation of findings, es-

pecially given the lack of detailed skin colour variation data within European populations (Spichenok 

et al., 2011; Pneuman et al., 2012; Hart et al., 2013). 
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In 2014, Maroñas et al. conducted a comprehensive study involving 59 SNPs linked to skin, eye, and 

hair colour in a diverse set of European and non-European individuals. They identified 29 SNPs sig-

nificantly associated with skin tone variation. A principal component analysis (PCA) using these SNPs 

effectively separated individuals with white skin from those with intermediate or black skin, though 

there was considerable overlap between intermediate and black skin colours. The authors suggested 

6 SNPs for skin colour prediction, achieving high classification success in Bayes analysis, and an ex-

panded 10-SNP set that showed strong predictive accuracy in a small validation set. Nonetheless, 

the study limited sample size indicates the need for further data to validate these findings (Maroñas 

et al., 2014).  

In 2017, a group led by Manfred Kayser developed a prediction model for 5 skin tone categories for 

the first time both within and between continental regions (Walsh et al., 2017). This study evaluated 

the predictive value of 77 SNPs from 37 genetic loci previously associated with human pigmentation 

in 2,025 individuals from 31 global populations. A minimal set of 36 highly informative SNPs was 

identified, leading to the development of a statistical prediction model for global skin colour predic-

tion. The model demonstrated average cross-validated prediction accuracies, of approximately 

0.74% for light skin tone, 0.73% for intermediate skin tone, and 0.90% for dark skin tone. Compara-

tive analysis with 194 independent samples from 17 populations showed that this model outper-

formed the previously proposed 10-SNP classifier (Maroñas et al., 2014), with AUCs increasing for 

white and black skin tones and comparable levels for intermediate. In 2018 these 36 SNPs were 

subsequently integrated into the HIrisPlex system, resulting in the development of the new HIrisPlex-

S system (Chaitanya et al., 2018). 

In 2018, Visconti et al. conducted a GWAS on sun sensitivity, a proxy for skin colour, involving over 

175,000 Europeans. This study identified 20 significant genetic loci, 14 of which were previously un-

known to be associated with skin colour (Visconti et al., 2018). Similar GWAS have been carried out 

in non-European populations, including Africans (Crawford et al., 2017) and South Asians (Jonnala-

gadda et al., 2019), revealing both previously known and novel genetic loci. However, these newly 

discovered SNPs require further independent validation to confirm their predictive value for skin 

colour. 

 

Looking forward, ongoing research aims to integrate these genetic insights into forensic genetics and 

anthropological studies, potentially advancing eye, hair and skin colour prediction tools from 
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categorical to continuous models. These developments underscore the evolving capabilities in DNA-

based colour prediction, with implications for both scientific exploration and practical forensic ap-

plications (Kayser et al., 2023). 

1.6 The HIrisPlex-S System 

In the field of FDP, one of the most widely used tools is HIrisPlex-S (Chaitanya et al., 2018), designed 

to predict eye, hair, and skin colour from DNA samples. It employs specific genetic markers linked to 

pigmentation traits. By analysing these markers, HIrisPlex-S yields probabilistic estimates of pheno-

typic traits.  

The system originates from the earlier IrisPlex assay (Walsh et al., 2011), initially focused on eye 

colour prediction, which later expanded into HIrisPlex (Walsh et al., 2013) to encompass hair colour 

prediction. Finally, HIrisPlex-S was developed to include skin colour prediction as well (Chaitanya et 

al., 2018).  

HIrisPlex-S integrates data from 41 genetic loci, each associated with different pigmentation traits, 

enhancing the accuracy of phenotype predictions. Among these, 6 SNPs predict eye colour (Liu et 

al., 2009), 18 predict hair colour (Branicki et al., 2011), and 17 predict skin pigmentation, with 19 

SNPs informative for both eye and hair colour also contributing to skin colour prediction. Therefore, 

a total of 36 SNPs are informative for skin coloration prediction (Walsh et al., 2017).  

For the purpose of accessibility, developers have instituted an online platform (https://hirisplex.eras-

musmc.nl/) that facilitates genotype uploads and phenotype predictions derived from 41 SNPs. 

The system predicts three potential eye colours (Blue, Intermediate, and Brown), four hair colours 

(Blond, Brown, Red, and Black), and five skin colours (Very Pale, Pale, Intermediate, Dark, and Dark-

to-Black). This is achieved through two multiplex genotyping assays: a 24-plex assay from HIrisPlex 

for eye and hair pigmentation (Walsh et al., 2013; Walsh et al., 2014), and a novel 17-plex assay for 

skin pigmentation (Chaitanya et al., 2018). Three distinct statistical prediction models were tailored 

for each phenotype category. 

The laboratory protocol for HIrisPlex-S involves precise steps to ensure accurate genotyping results. 

Initially, DNA extraction and quantification are performed, requiring a minimum input of 63 

picograms of DNA. This is followed by multiplex PCR under specific thermal conditions to amplify 

target SNPs. After purification, single-base extension (SBE) reactions detect SNPs using fluorescently 
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labelled nucleotides. Post-SBE, products undergo purification and analysis via an ABI 3130xl Genetic 

Analyzer (Liu et al., 2009; Walsh et al., 2013; Walsh et al., 2014; Chaitanya et al., 2018). 

Statistical prediction models utilize three multinomial logistic regression models, one for each phe-

notype category (Liu et al., 2009; Walsh et al., 2013; Walsh et al., 2017; Chaitanya et al., 2018). 

Multinomial logistic regression extends the binary logistic regression framework by accommodating 

more than two possible categories in its predictions. This model estimates the likelihood of each 

category based on input variables, utilizing a logit function to transform the linear scale of independ-

ent variables into a probability scale ranging from 0 to 1. This transformation establishes the rela-

tionship between genetic markers (independent variables) and the likelihood of each outcome (Liu 

et al., 2009).  

Accurate prediction depends on specific SNP conditions: HERC2 rs12913832 for eye colour, 11 MC1R 

SNPs for hair colour, and a combination of HERC2-SLC45A2-IRF4 SNPs for both. For skin colour, in-

cluding predictive SNPs like SLC24A5 rs1426654, OCA2 rs1800414, and MC1R rs3212355 is recom-

mended to distinguish between intermediate and darker tones. Adhering to these conditions is cru-

cial for maintaining prediction precision (Walsh et al., 2014; Walsh et al., 2017; Chaitanya et al., 

2018). 

HIrisPlex-S accuracy varies across eye, hair, and skin colour categories, as indicated by Area Under 

the Curve (hereafter AUC) values derived from informative SNPs.  

For eye colour, the AUC values indicate varying levels of prediction confidence (Liu et al., 2009):  

• AUC of 0.939 +/- 0.005 for the "Blue" category; 

• AUC of 0.735 +/- 0.005 for the "Intermediate" category; 

• AUC of 0.946 +/- 0.005 for the "Brown" category. 

Regarding hair colour prediction accuracy (Branicki et al., 2011): 

• AUC of 0.800 +/- 0.020 for the "Blond" category; 

• AUC of 0.719 +/- 0.024 for the "Brown" category; 

• AUC of 0.916 +/- 0.029 for the "Red" category; 

• AUC of 0.831 +/- 0.031 for the "Black" category. 

In terms of skin colour prediction accuracy (Walsh et al., 2017): 

• AUC of 0.744 +/- 0.050 for the "Very Pale" category; 
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• AUC of 0.719 +/- 0.025 for the "Pale" category: 

• AUC of 0.731 +/- 0.026 for the "Intermediate" category; 

• AUC of 0.875 +/- 0.084 for the "Dark" category; 

• AUC of 0.958 +/- 0.036 for the "Dark-to-Black" category. 

Development included testing phases with diverse sample sets specific to each predictive model. For 

eye colour prediction, 3,804 Dutch individuals were used and this database was later enriched with 

studies on samples from different geographical origins (Walsh et al., 2014). Meanwhile, for hair col-

ouration, 1,243 samples of Polish, Irish and Greek origin were used, as well as 945 other samples 

representing 51 world populations (Walsh et al., 2013). Skin colour prediction necessitated a global 

sample set due to its extensive variation across populations. Therefore, the testing phase for skin 

pigmentation predictions involved 1,159 individuals from southern Poland, 347 Irish samples, 119 

Greeks and 329 individuals of non-U.S. parental origin (Nigeria, Mexico, Argentina, Colombia, India, 

China, Russia, Saudi Arabia, and so forth) as well as subjects from Senegal, Kenya, Nigeria and Papua 

New Guinea (Walsh et al., 2017). 

The two multiplex genotyping assays demonstrated resilience to UV-induced DNA degradation and 

the HIrisPlex-S system reliably genotyped and phenotyped single-source samples in forensic simula-

tions, albeit with limitations in accurately predicting phenotypes from DNA mixtures (Chaitanya et 

al., 2018).  

The HIrisPlex-S system adheres to SWGDAM (Scientific Working Group on DNA Analysis Methods) 

guidelines for forensic validation, ensuring sensitivity, stability, and reliability in simulated casework 

samples. 

1.7 The HIrisPlex-S System Applied to Ancient DNA 

aDNA and forensic DNA analysis share several common challenges, necessitating sophisticated ap-

proaches for their study. Both fields must contend with DNA degradation, resulting in fragmented 

and low-quality DNA samples. Additionally, they face issues with contemporary contamination and 

the presence of inhibitors, such as humic acids, which can obstruct enzymatic reactions critical for 

DNA analysis. Various types of DNA damage, including deamination-induced C-T substitutions, may 

be present in both ancient and forensic DNA. Meticulous optimization of every step, from sample 
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selection to DNA extraction and sequencing, is required in both disciplines to ensure maximum yield 

and quality of DNA (Hofreiter et al., 2021).  

Another shared feature between ancient and forensic DNA analysis is the employment of the 

HIrisPlex-S kit, which has been applied not only in forensic contexts or with modern samples but also 

with ancient remains.  

The application of the classic HIrisPlex-S system protocol, along with earlier versions like IrisPlex or 

HIrisPlex, has been conducted on a diverse array of specimens.  

This research spans multiple studies (Olalde et al., 2014; Lazaridis et al., 2014; Gamba et al., 2014; 

Jones et al., 2015; Cassidy et al., 2016; González-Fortes et al., 2017; Günther et al., 2018; Olalde et 

al., 2019; Brace et al., 2019; Jensen et al., 2019; Seguin-Orlando et al., 2021; Clemente et al., 2021; 

Allentoft, Sikora, Fischer, et al., 2024), showcasing the widespread application of these protocols in 

aDNA research. These include Palaeolithic samples such as Romanian PM1 (Svensson et al., 2021), 

as well as medieval ones (Draus-Barini et al., 2013). Among the notable cases are remains dating to 

around 1485 attributed to King Richard III (King et al., 2014), the Mesolithic Spanish individuals “La 

Braña” (Olalde et al., 2018), and “Chan” (González-Fortes et al., 2017), and the English sample 

“Cheddar Man” (Brace et al., 2019). Additionally, there is the Neolithic Danish individual “Lola”, 

whose DNA was sequenced from a chewing gum dating back approximately 5700 years (Jensen et 

al., 2019) (Figure 1.7). 

It is worth noting that, when dealing with aDNA data as discussed in paragraph 1.1.2, most samples 

exhibit low coverage, resulting in potential uncertainty in genotypes. Additionally, not all 41 posi-

tions of the HIrisPlex-S are uniformly covered across these samples. In cases of missing data, such as 

with "Cheddar Man", predictions were made with various missing positions. Similarly, for "Chan", 

A) B) C) 

Figure 1.7 - A) The model of Cheddar Man rendered by Kennis and Kennis Reconstructions. Credit: CHANNEL 4. B) Reconstruction of 
La Braña. Credit: PELOPANTON/CSIC. C) Reconstruction of Lola. Credit: Tom Björklund 
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missing genotypes have been imputed using pipelines that have not yet been validated for ancient 

DNA analysis. 

Moreover, while the laboratory protocols of the HIrisPlex-S system have been validated for forensic 

procedures, enabling the effective handling of degraded and low-coverage data, bioinformatic pro-

tocols necessary for robust management of this specific type of data have not yet been fully imple-

mented, indicating a need for further development in this area. 
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2 AIM 

The primary aim of this study is twofold: first, to give users a sense of the operational effectiveness 

and robustness of the HIrisPlex-S system when applied to low-coverage ancient data, thereby as-

sessing the reliability of phenotypic inference procedures; and second, to propose a novel method-

ology based on genotype likelihoods that explicitly accounts for genotype calling uncertainty in low-

coverage data. 

Within this framework, this thesis aims to determine the optimal coverage threshold for accurate 

inference using the standard HIrisPlex-S protocol and to assess the efficacy of common imputation 

methods for managing missing data in low-coverage genomes, particularly in the context of predict-

ing phenotypic traits in ancient samples. 

To evaluate the accuracy of predictions regarding physical traits, a downsampling procedure was ap-

plied to high-coverage data from three test samples: one from the Palaeolithic period in Siberia, one 

from the Mesolithic period in Sweden and one from the Bronze Age in Germany.  

Predictions of eye, hair, and skin colour were subsequently generated using three models: the clas-

sical HIrisPlex-S workflow, the genotype likelihood approach here proposed and the imputation 

method, each applied across varying data coverage levels achieved through downsampling. 

Following the analysis of prediction accuracy, this study revised and implemented guidelines for in-

ferring phenotypic traits using the HIrisPlex-S system.  

These guidelines were then applied to a cohort of 348 Eurasian individuals spanning from the Upper 

Palaeolithic to the Iron Age, providing insights into the physical appearances of ancient populations. 
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3 METHODS 

3.1 Conceptual framework 

The HIrisPlex-S system can predict eye, hair, and skin colour by analysing 41 DNA genetic variants. 

While the standard protocol does not specifically address caution regarding sample coverage or age, 

genotyping aDNA presents a primary challenge due to the limited number of unique aDNA frag-

ments available for sequencing. This often results in low coverage or missing data. 

The approach followed in this study to quantify the impact of coverage is schematically described in 

Figure 3.1. Three different prediction workflows for phenotypic traits have been tested on three 

downsampled high-coverage ancient genomes. The first protocol follows the classical procedure of 

HIrisPlex-S, based on direct genotype calling (Chaitanya et al., 2018). The second prediction is based 

on the new method here presented, which uses a direct genotype likelihood approach to define 

genotype posterior probabilities. The third prediction involves recovering missing positions by im-

puting missing variants following a pipeline specifically developed for ancient DNA data (Sousa da 

Mota et al., 2023). 

 

 

 

 

 

 

 

 

 

 

 

  

Figure 3.1 - Diagram illustrating the conceptual framework: a sequence of steps starting with the original data at the top, followed by 
a progressive reduction of coverage through multiple stages of downsampling. The process leads to three branches, each representing 
the different prediction workflow to be tested, explained step by step. 
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3.2 Genomic dataset 

The dataset built in this thesis comprises samples from the Upper Palaeolithic to the Iron Age, en-

compassing the geographic region of Eurasia (Figure 3.2, Table 3.1).  

The samples were gathered from previous studies and obtained from the European Nucleotide Ar-

chive (ENA) and from the Allen Ancient Genome Diversity Project (AAGDP) (https://reich.hms.har-

vard.edu/ancient-genome-diversity-project), required to have an average coverage of at least 1x and 

undergo whole-genome sequencing. In total, 348 samples were collected. 

PERIOD COUNTRY SAMPLE SIZE 

Palaeolithic Czech Republic 1 
Palaeolithic Romania 1 
Palaeolithic Russia 10 

Mesolithic Denmark 10 
Mesolithic France 5 
Mesolithic Georgia 3 
Mesolithic Ireland 2 
Mesolithic Italy 2 
Mesolithic Latvia 5 
Mesolithic Luxemburg 1 
Mesolithic Norway 3 
Mesolithic Romania 3 
Mesolithic Russia 9 
Mesolithic Serbia 7 
Mesolithic Spain 5 

Figure 3.2 - Geographical distribution of selected samples. Black dots denote Palaeolithic period samples, white dots denote Iron Age 
samples and intermediate colours represent transitional periods. Numbers indicate multiple samples at a site. 
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Mesolithic Sweden 6 
Mesolithic Switzerland 1 
Mesolithic UK 1 
Mesolithic Ukraine 3 

Neolithic Austria 4 
Neolithic Bulgaria 1 
Neolithic Croatia 5 
Neolithic Czech Republic 3 
Neolithic Denmark 9 
Neolithic Estonia 1 
Neolithic France 5 
Neolithic Germany 4 
Neolithic Great Britain 8 
Neolithic Greece 5 
Neolithic Hungary 6 
Neolithic Iran 5 
Neolithic Ireland 12 
Neolithic Italy 6 
Neolithic Latvia 4 
Neolithic Malta 2 
Neolithic Poland 3 
Neolithic Portugal 5 
Neolithic Romania 1 
Neolithic Russia 9 
Neolithic Serbia 6 
Neolithic Spain 1 
Neolithic Sweden 12 
Neolithic Turkey 7 
Neolithic Ukraine 8 

Copper Age Bulgaria 1 
Copper Age Croatia 1 
Copper Age Denmark 2 
Copper Age Great Britain 2 
Copper Age Hungary 3 
Copper Age Italy 5 
Copper Age Kazakhstan 3 
Copper Age Norway 1 
Copper Age Poland 1 
Copper Age Portugal 6 
Copper Age Romania 2 
Copper Age Russia 5 
Copper Age Spain 5 
Copper Age Sweden 2 
Copper Age Turkey 2 
Copper Age Ukraine 1 

Bronze Age Bulgaria 2 
Bronze Age Croatia 3 
Bronze Age Czech Republic 5 
Bronze Age Denmark 2 
Bronze Age Estonia 1 
Bronze Age France 2 
Bronze Age Germany 2 
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Bronze Age Great Britain 7 
Bronze Age Greece 6 
Bronze Age Hungary 4 
Bronze Age Iran 2 
Bronze Age Italy 6 
Bronze Age Jordan 1 
Bronze Age Kazakhstan 5 
Bronze Age Netherlands 3 
Bronze Age Poland 3 
Bronze Age Portugal 1 
Bronze Age Russia 8 
Bronze Age Serbia 2 
Bronze Age Spain 4 
Bronze Age Sweden 1 

Iron Age Bulgaria 1 
Iron Age Denmark 2 
Iron Age Finland 1 
Iron Age Great Britain 2 
Iron Age Iran 1 
Iron Age Italy 5 
Iron Age Kazakhstan 7 
Iron Age Pakistan 1 
Iron Age Russia 4 
Iron Age Spain 1 
Iron Age Ukraine 1 

 
Table 3.1 - Summary table of whole-genome samples collected from ENA for phenotypic inference. 

Details of all samples included in the dataset are available in the supplementary materials folder at 

the provided link: Eurasian_Dataset.xlsx. 

3.3 Test sample selection and preparation 

After creating the dataset, the next step was to identify samples suitable for downsampling. The 

main criteria were to ensure the representation of different historical periods and to select those 

with the highest coverage at the 41 HIrisPlex-S positions. Based on these conditions, test samples 

could only be identified from the Palaeolithic, Mesolithic, and Bronze Age periods: 

• Ust’-Ishim, 45,045 calBP from western Siberia (Fu et al., 2014);  

• SF12, 9,033±8,757 calBP from Sweden (Günther et al., 2018);  

• I5835, 4,520–4,020 BP from Germany (Olalde et al., 2018). 

All the samples were processed following guidelines specifically designed for ancient genome recon-

struction. For Ust’-Ishim and SF12 samples, the fastq files were downloaded from ENA and analysed 

https://univpr-my.sharepoint.com/:x:/g/personal/silvia_perretti_unipr_it/EXEYf_Vtn5VDk87oZHZB1ycBvkA7luHtDQNDQeLyqpEV8w?e=uqJJDr
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with FastQC v0.12.1 (Andrews S. (2010)) for quality control of the DNA fragments and removal of 

adapter sequences. The filtered reads were then aligned with BWA software v0.7.17 246 with the 

"aln" algorithm. The minimum read length (--minlength 30), base quality (--minquality 30) and map-

ping quality (-q 30) filters were applied, and seeding was disabled (-l 1000) to ensure alignment of 

all reads against the GRCh37.p13/hg19 human reference genome (Church et al., 2011).  

In contrast, I5835 sample underwent similar bioinformatic processing, as described in the literature, 

with the addition of a duplicate removal phase using Picard v2.24.1 (https://broadinsti-

tute.github.io/picard/), for added reliability, alongside the other samples.  

The final average coverage obtained, sex chromosomes excluded, was calculated using SAMtools 

software v1.11 (H. Li et al., 2009) with the option “-a”, to include in the calculus all positions (includ-

ing 0 depth): 28.4822x for the Ust’-Ishim sample, 43.9357x for the SF12 sample and 22.5315x for 

the I5835. 

3.3.1 SAMtools Mpileup file 

The final step entailed generating a mpileup file for each sample using SAMtools software v1.11 248. 

As reported in the SAMtools manual page (https://www.htslib.org/doc/samtools-mpileup.html), the 

SAMtools mpileup command produces a "pileup" text format from alignment data, summarizing 

mapped reads derived from BAM alignment files. Within this context, several columns contain nu-

meric quality values represented as individual ASCII characters, ranging from “!” to “~”, with decod-

ing achieved by subtracting 33 from the ASCII value (Figure 3.3). 

The initial 3 columns provide essential positional and reference details: 

1. Chromosome name. 

2. 1-based position on the chromosome. 

3. Reference base at this position ("N" for lines where -f/--fasta-ref has not been used). 

Subsequent columns present the pileup data for each specified input BAM file: 

4. Number of reads covering this position. 

5. Read bases, encoding information on matches, mismatches, indels, strand, mapping quality, 

and read boundaries. For each read covering: 

• If this is the first position covered by the read, a “^” character followed by the alignment's 

mapping quality encoded as an ASCII character. 
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• If this is the last position covered by the read, a “$” character. 

• A single character indicating the read base and the strand to which the read has been 

mapped:  

• “.” dot or “,” comma for base matches the reference base for forward or reverse 

strand, respectively. 

• Uppercase “ACGTN” or lowercase “acgtn” alphabetic characters for base in mismatch 

to the reference base for forward or reverse strand, respectively. 

• “>” or “<” for reference skip (due to CIGAR “N”). 

• “*” (forward-del) or “/#” (reverse-del) for deletion of the reference base. 

6. Base qualities, encoded as ASCII characters. 

7. Additional comma-separated read field columns, as selected via “--output-extra”. The fields 

selected appear in the same order as in SAM: QNAME, FLAG, RNAME, POS, MAPQ (displayed 

numerically) and so forth. 

3.4 Genomic downsampling 

The principle underlying the downsampling procedure is to accurately evaluate the amount of infor-

mation that might be lost at lower coverage levels by artificially reducing the sequencing depth (i.e., 

the number of times a single nucleotide is sequenced). Essentially, it enables the observation of what 

remains unseen with reduced coverage and facilitates the analysis of how nucleotide call precision 

and reliability vary across different depths of coverage. 

In this thesis, two different types of downsampling strategies were chosen, starting from a maximum 

achievable coverage: 1) targeted downsampling aimed at achieving specific coverage at the 41 

HIrisPlex-S positions to evaluate the performance of the classical HIrisPlex-S workflow and the here 

proposed genotype likelihood approach method (from here on pointwise progressive 

Figure 3.3 - Section of the Ust'-Ishim’s mpileup file. The first column represents the chromosome, the second column indicates the position, 
the third column displays the reference base, the fourth column shows the number of reads covering the position, the fifth column details 
the read bases, and the sixth column presents base qualities encoded in ASCII. 
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downsampling, Figure 3.4); 2) downsampling aimed at achieving an average coverage to assess the 

imputation method (from here on mean progressive downsampling Figure 3.5).  

The maximum achievable coverage was determined by the minimum coverage observed across all 

41 HIrisPlex-S positions, as detailed in the SAMtools mpileup file column 4. Specifically: 

• Ust’-Ishim sample:  

• Maximum coverage achieved: 17x. 

• Specific coverage levels tasted: 17x, 15x 12x, 10x, 8x, 5x, 4x, 3x, 2x, 1x. 

• SF12 sample: 

• Maximum coverage achieved: 33x. 

• Specific coverage levels tasted: 33x, 20x, 15x 12x, 10x, 8x, 5x, 4x, 3x, 2x, 1x. 

• I5835 sample: 

• Maximum coverage achieved: 8x.  

• Specific coverage levels tasted: 8x, 5x, 4x, 3x, 2x, 1x. 

For both methods, pointwise progressive downsampling and mean progressive downsampling, 10 

different downsamplings were conducted for each sample at each coverage level, starting from max-

imum coverage and progressively reducing from the same set of reads to achieve lower coverages. 

A total of 540 new BAM files were generated. 

 

Figure 3.4 - Example of the conceptual scheme of the pointwise progressive downsampling. Letters stand for nucleotides. 

Figure 3.5 - Example of the conceptual scheme of mean progressive downsampling. Bands stand for genomic reads. 
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3.4.1 Pointwise progressive downsampling 

To achieve incremental downsampling at each stage, the SAMtools mpileup file was employed to 

detect read identifiers (“--output-extra QNAME” flag) for sampling within the R environment (R Core 

Team, 2022). Specifically, non-replacement sampling was conducted, ensuring random selection of 

unique elements to prevent read and nucleotide duplication (using the option “replace = false”).  

Subsequently, reads from chromosomes 5, 6, 9, 11, 12, 14, 15, and 20 were collectively extracted 

using their identifiers directly from the original high-coverage BAM files via the SAMtools v1.11 

"view" function (H. Li et al., 2009), resulting in a single BAM file per chromosome. Chromosome 16 

underwent a similar process but required 14 separate BAM files, one for each genomic position, to 

manage read overlap and potential coverage increases due to the proximity of the positions them-

selves. 

For each BAM file, a new SAMtools mpileup file was generated to confirm the accurate extraction of 

reads and attainment of the target coverage level.  

Once validated, read extraction continued from the new BAM files, progressively reducing coverage 

down to 1x. A total of 270 new BAM files were generated. 

3.4.2 Mean progressive downsampling 

The specific average coverage was determined using the “view” option of SAMtools v1.11 248. This 

process involved filtering reads with the “-s” flag to output a subset of the input alignments, followed 

by a fractional value representing the desired coverage ratio compared to the initial coverage. As 

described in previous sections, the process began with the high-coverage genome, progressively re-

ducing it to 1x coverage. To ensure randomness in read selection, distinct seed values were em-

ployed for each downsampling operation, conducted on separate computing nodes. 

To validate the accuracy of the achieved coverage, the SAMtools “depth -a” command was executed 

for each new BAM file to check for coverage. A total of 270 new BAM files were generated. Details 

of all mean coverage reached, fraction values and computing nodes are available in the supplemen-

tary materials folder at the provided link: Mean_progressive_downsampling.xlsx 

https://univpr-my.sharepoint.com/:x:/g/personal/silvia_perretti_unipr_it/EVhLmCzqWYlBkixkS3dO8ysBxN9K0Xym07q_nVlzN3fHlQ?e=RZW8HT


Robust inference of phenotypic traits from low-coverage ancient genomes 

 

44 
 

3.5 HIrisPlex-S standard protocol 

The standard HIrisPlex-S protocol comprises three main steps: indel verification, genotype calling, 

and phenotypic prediction via the website “https://hirisplex.erasmusmc.nl/” (Walsh et al., 2013; 

Walsh et al., 2014; Chaitanya et al., 2018).  

All procedures were conducted using pointwise progressive downsampled genomes. Specifically, for 

sample I5835, phenotypic predictions were performed using 10 iterations starting from 8x coverage, 

the maximum obtainable, and decreasing to 1x, the minimum coverage level to be achieved. For 

samples Ust’-Ishim and SF12, phenotypic predictions were also performed using 10 iterations. The 

first 5 iterations began from the maximum coverage achievable down to 1x and, due to the stability 

of phenotypic predictions and to standardize data with sample I5835, the last 5 iterations were car-

ried out beginning from 8x coverage and progressed down to 1x. In total, 225 phenotypic predictions 

were generated. 

3.5.1 Indel check 

The indel at site rs312262906 (insertion of an “A” nucleotide at chromosome 16 position 89985753) 

was assessed using VarScan v2.3.9 (Koboldt et al., 2012). Initially, SAMtools software v1.11 248 was 

employed to generate a mpileup file used by VarScan software to call indels with the algorithm 

“mpileup2indel”. The resulting output file was in VCF format and included data such as the chromo-

some name, position, reference allele at the position, observed variant allele, total depth of cover-

age, number of reads supporting the reference allele, number of reads supporting the variant allele, 

variant allele frequency by read count, and p-value comparing observed reads versus expected non-

variant reads. Additionally, it provided information to assess strand bias using all reads: forward 

strand support for reference allele, reverse strand support for reference allele, forward strand sup-

port for variant allele, reverse strand support for variant allele, and corresponding strand distribution 

p-values. 

The presence of the indel was confirmed if “=+A” was reported at chromosome 16 positions 

89985750, 89985751, 89985752, 89985753 or 89985754 (Figure 3.6). 

Figure 3.6 - The image displays a sample showing the indel at position 89985750. Extracted from the HIrisPlex-S DNA Phenotyping 
Webtool User Manual Version 2.0 (2018), supplemental material. 
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Upon detection of an indel in a sample, critical examination focused on the read counts for the ref-

erence allele (e.g., “*” or Reads1) versus the alternative allele (e.g., “+A” or Reads2) at that locus. 

Based on these counts, determination was made whether the sample exhibited a heterozygous gen-

otype (if reads were significant for both alleles) or a homozygous genotype (if reads predominantly 

favoured one allele). For instance, with a coverage (COV) of 1080, where READS1 numbered 583 and 

READS2 numbered 496 (Fig 3.7), the sample was classified as heterozygous, with the reference allele 

being “C” and the alternate allele being “+A”. A predominance of “C” alleles indicated a homozygous 

genotype “CC”, whereas a predominance of “+A” alleles indicated a homozygous genotype “AA”. 

3.5.2 Variant calling 

Variants were called on BAM files using the GATK (Genome Analysis Toolkit) UnifiedGenotyper algo-

rithm v3.5 (DePristo et al., 2011). Key parameters included a minimum confidence threshold for 

calling variants (-stand_call_conf = 30), a minimum confidence threshold for emitting variants (-

stand_emit_conf = 20) and a minimum base quality threshold (-mbq = 30). The analysis was config-

ured to output all sites (-out_mode EMIT_ALL_SITES), regardless of whether they contain variant or 

invariant alleles compared to the reference genome (GRCh37.p13). Additionally, the “-glm BOTH” 

option was employed to simultaneously compute genotype likelihoods using both SNP and indel 

models, which is advantageous for accurately genotyping and calling variants of both types from the 

same dataset. The option “-L” was used to compute calling only on HIrisPlex-S sites. The final output 

was a VCF file reporting the 41 called genotypes. 

3.5.3 Phenotypic Prediction and Interpretation of the Prediction Outcomes 

The HIrisPlex-S website “https://hirisplex.erasmusmc.nl” is designed to facilitate phenotypic predic-

tions based on genotyped data. Users input genotype information corresponding to specific single 

nucleotide polymorphisms (SNPs) associated with eye, hair, and skin pigmentation (Walsh et al., 

2013; Walsh et al., 2014; Chaitanya et al., 2018).  

Figure 3.7 - Extracted from the HIrisPlex-S DNA Phenotyping Webtool User Manual Version 2.0 (2018), supplemental material, showing 
an example with COV of 1080, where READS1 numbered 583 and READS2 numbered 496. 

https://hirisplex.erasmusmc.nl/


Robust inference of phenotypic traits from low-coverage ancient genomes 

 

46 
 

Prior to conducting phenotypic predictions, the data were meticulously reviewed for accuracy. As 

recommended in the HIrisPlex-S Webtool User Manual Version 2.0 (2018) (Walsh et al., 2013; Walsh 

et al., 2014; Chaitanya et al., 2018), it was necessary to adjust the strand orientation before entering 

them into this prediction model.  

Several SNPs required conversion from NCBI's forward orientation, while all other G/C and A/T SNPs 

were correctly oriented for input (https://www.ncbi.nlm.nih.gov/snp/).  

The correct orientation is reported in the table below (Table 3.2): 

Gene SNP Website Allele Checked Allele 

MC1R rs312262906 A A 

MC1R rs11547464 A A 

MC1R rs885479 T A 

MC1R rs1805008 T T 

MC1R rs1805005 T T 

MC1R rs1805006 A A 

MC1R rs1805007 T T 

TUBB3 rs1805009 C C 

MC1R rs201326893 A A 

MC1R rs2228479 A A 

MC1R rs1110400 C C 

SLC45A2 rs28777 C C 

SLC45A2 rs16891982 C C 

KITLG rs12821256 G C 

LOC105374875 rs4959270 A A 

IRF4 rs12203592 T T 

TYR rs1042602 T A 

OCA2 rs1800407 A T 

SLC24A4 rs2402130 G G 

HERC2 rs12913832 T A 

PIGU rs2378249 C G 

LOC105370627 rs12896399 T T 

TYR rs1393350 T A 

TYRP1 rs683 G C 

ANKRD11 rs3114908 T T 

OCA2 rs1800414 C C 

BNC2 rs10756819 G G 

HERC2 rs2238289 C G 

SLC24A4 rs17128291 C G 

HERC2 rs6497292 C G 

HERC2 rs1129038 G C 

HERC2 rs1667394 C C 

TYR rs1126809 A A 

OCA2 rs1470608 A T 

SLC24A5 rs1426654 G G 

ASIP rs6119471 C G 

OCA2 rs1545397 T T 
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RALY rs6059655 T A 

OCA2 rs12441727 A A 

MC1R rs3212355 A T 

DEF8 rs8051733 C G 
 
Table 3.2 - Correct strand orientation of the 41 HIrisPlex-S SNPs. Red SNPs indicate those that have been corrected. 

Once these checks were completed, the data were fed into the designated section of the website 

(Figure 3.8) as here outlined: 

• In the absence of the input allele, “0” should be entered into the “No. of alleles” box. 

• For a heterozygous condition (one allele present), “1” should be entered. 

• For a homozygous condition (both alleles identical), “2” should be entered. 

• If any SNP is missing, “NA” should be entered. 

Working with pointwise progressively downsampled genomes, no positions were missing and at 1x 

coverage genomes lost the heterozygous condition. 
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Figure 3.8 - Image extracted from the HIrisPlex-S website https://hirisplex.erasmusmc.nl/, illustrating the section dedicated to entering 
the number of informative alleles for each SNP. 
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The prediction results were downloaded as a CSV file ("Results.csv") and analysed in RStudio 

v2024.4.2.764 (RStudio Team, 2020), following the guidelines outlined in the HIrisPlex-S user 

Webtool User Manual Version 2.0 (2018) (Walsh et al., 2013; Walsh et al., 2014; Chaitanya et al., 

2018). The predictive models were then translated into R language, according to the decision models 

presented below, and prediction results rounded to three significant figures. 

In terms of eye colour, the highest p-value is considered the predicted phenotype, with threshold 

accuracy levels set to 0.7, as indicated in Walsh et al. (2012). 

In terms of hair colour, the methodology employed utilizes the highest p-value approach in conjunc-

tion with a stepwise model (Figure 3.9) (Walsh et al., 2014). For instance, with a Blond p-value of 

0.742 and a light value of 0.93, the prediction process proceeds as follows: the "Blond" category is 

selected due to its highest p-value among the categories, surpassing the threshold of 0.7. Subse-

quently, the evaluation checks if the light value exceeds 0.95p; as it measures 0.93p, the final pre-

diction concludes with "Blond/Dark Blond."  

In terms of skin colour,  the methodology employed utilizes the highest p-value approach in conjunc-

tion with the second-highest probability value, as described in 2018 by Chaitanya and colleagues 

(Chaitanya et al., 2018) (Figure 3.10). 

Figure 3.9 - Image extracted from the HIrisPlex-S DNA Phenotyping Webtool User Manual Version 2.0 (2018) illustrating the decision 
model for hair colour inference. 
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3.6 HIrisPlex-S Protocol implemented with a Genotype likelihoods Model 

As described, in the classical protocol, the HIrisPlex-S website allows a single phenotypic prediction 

per sample by taking as input an informative allele from a 1 genotype call for each of the 41 posi-

tions. 

Two substantial modifications have been implemented in the method proposed in this thesis. The 

first affects the variant calling phase, where instead of exclusively adopting the most probable gen-

otype proposed by GATK (despite using genotype likelihoods, UnifiedGenotyper selects a single gen-

otype), all 10 potential genotypes are considered based on their respective probabilities. It is note-

worthy that selecting the most probable genotype in high-coverage scenarios is generally believed 

a confident procedure, as the position coverage ensures a robust representation of nucleotides. 

However, in low coverage contexts, where positions may be covered only scarcely if at all, this ap-

proach carries higher risk (calling a genotype even with a posterior probability as low as 51%). This 

Figure 3.10 - Image extracted from the HIrisPlex-S DNA Phenotyping Webtool User Manual Version 2.0 (2018) illustrating the decision 
model for skin colour inference. 
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approach ensures that multiple genotypes may be evaluated for the same position due to their gen-

otype likelihood values, facilitating a more comprehensive analysis. 

The second modification affects the number of predictions made for each sample. This transitions 

from 1 prediction per sample to 1000 predictions per sample, encompassing all possible genotype 

combinations across the 41 positions. 

All the steps were performed on samples subjected to pointwise progressive downsampling. As pre-

viously detailed in paragraph 3.5, the 10 iterations were conducted from 8x coverage downwards, 

with the exception of the 5 initial iterations for Ust’-Ishim and SF12, which included higher coverage 

levels. This approach ensured consistency and accuracy in data handling across all samples involved 

in the study. The total number of phenotypic predictions made was 225,000. 

3.6.1 Indel check 

The indel discovery phase followed the classical protocol aforementioned in subparagraph 3.5.1. 

3.6.2 Variant calling 

Genotype likelihoods were calculated following the formula of the first version of GATK (dragon) 

(McKenna et al., 2010): 

𝑃𝑟(𝐷|𝐺 =  {𝐴1, 𝐴2}) =  ∏ 𝑃𝑟(𝑏𝑖|𝐺 =  {𝐴1, 𝐴2}) =  ∏ (
1

2
𝑃𝑟(𝑏𝑖|𝐴1) +

1

2
𝑃𝑟(𝑏𝑖|𝐴2))

𝑀

𝑖=1

𝑀

𝑖=1

 

𝑃𝑟(𝑏|𝐴) = {

𝑒

3
∶ 𝑏 ≠ 𝐴

1 − 𝑒 ∶ 𝑏 = 𝐴
 

This formula facilitates the comparison of the base read during sequencing (bi), its respective depth 

of coverage (M) and the probability of sequencing error, calculated from the Phred scaled quality 

score  𝑒 =  10−𝑞 10⁄  63. Given the assumption of diploid individuals, this entails consideration of 10 

distinct genotypes, i.e. AA, AC, AG, AT, CC, CG, CT, GG, GT and TT. 

In addition to computing the genotype likelihood, a prior probability for each genotype must be 

assumed to produce posterior probabilities for the genotypes (Nielsen et al., 2011). 

The prior genotype probability chosen was the same used by GATK UnifiedGenotyper v3.5, i.e. the 

expected probability that an individual is heterozygous at a given locus. For humans, a default het-

erozygosity value (hets) of 0.001 is provided (DePristo et al., 2011). 
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The calculation of genotype likelihoods and genotype posteriors was executed by developing a pipe-

line in RStudio v2024.4.2.764 (RStudio Team, 2020), managing the data using the libraries matrix-

Stats (Bengtsson et al., 2017), tibble (Müller and Wickham, 2023), tidyr (Wickham et al., 2024) and 

dplyr (Wickham et al., 2023). 

All the steps were performed starting from the SAMtools mpileup file imported in RStudio environ-

ment and all the calculations were achieved using logarithmic values to avoid machine underflow. 

To summarize the pipeline: 

1. Structuring of the SAMtools mpileup file: 

• Data cleaning: non-coding symbols were removed (starts “^” and ends “$” of reads) and 

forward (.) and reverse (,) symbols were replaced with nucleotides. 

• Quality base filter: quality scores of bases were converted from ASCII to numeric values 

and bases with quality scores below 30 were filtered out. 

• Depth recalculation 

• Error calculation: ASCII quality scores were converted to numeric values and the logarith-

mic probability of sequencing error was calculated as 𝑒 =  10−𝑞 10⁄ . 

2. Computation of Genotype Likelihoods: 

• Function definitions: functions for calculating genotype likelihoods in logarithmic values 

was defined following the formula of the first version of GATK (dragon). 

• Genotype Likelihoods Calculation: a vector of possible genotypes was created. For each 

position in the mpileup file, logarithmic likelihoods for each possible genotype was cal-

culated and stored in a list. 

• Logarithmic Genotype likelihoods were normalized and checked by summing to 0. 

3. Computation of Genotype Posteriors:  

• Prior definitions: logarithmic prior values for homozygous (0.999) and heterozygous 

(0.001) genotypes were set. 

• Genotype Posterior Probabilities calculation: logarithmic genotype likelihoods were com-

bined with the defined priors. 

• Logarithmic Genotype Posterior Probabilities were normalized and transformed to expo-

nential values. Normalisation was verified by summing to 1. 

At the end of the pipeline, 10 possible genotypes were maintained for each of the 41 positions within 

the HIrisPlex-S.  
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These genotypes must adhere to the requirements stipulated by the HIrisPlex-S website, which spec-

ify that each input should consist of a single allele derived from a genotype. 

To meet this requirement, genotypes were sampled using the “sample” function, considering their 

genotype posterior probabilities. The likelihood of selecting a particular genotype for sampling thus 

depended on the strength of support it received from the sequencing data, with genotypes pos-

sessing higher posterior probabilities being more likely to be sampled.  

Each sampling event covered all 41 positions and was repeated 1000 times. 

3.6.3 Phenotypic Prediction and Interpretation of the Prediction Outcomes 

Following the sampling process, an additional step was introduced in RStudio v2024.4.2.764 (RStu-

dio Team, 2020) to expedite the recognition of informative alleles. This step involved the incorpora-

tion of a CSV file containing HIrisPlex-S allele inputs adjusted for strand orientation. Subsequently, a 

comparison was made between the sampled genotype and the presence of 0, 1 or 2 informative 

alleles at each position. The final result consists of a table containing 1000 rows, each representing 

a set of 41 allelic combinations for the website (Table 3.3). 

This table was saved in a CSV file, formatted for compatibility with loading into the HIrisPlex website 

as specified in the HIrisPlex-S Webtool User Manual Version 2.0 (2018) (Walsh et al., 2013; Walsh et 

al., 2014; Chaitanya et al., 2018). 

sam-
pleid,rs312262906_A,rs11547464_A,rs885479_T,rs1805008_T,rs1805005_T,rs1805006_A,rs1805007_T,rs1805009_
C,rs201326893_A,rs2228479_A,rs1110400_C,rs28777_C,rs16891982_C,rs12821256_G,rs4959270_A,rs12203592_T,
rs1042602_T,rs1800407_A,rs2402130_G,rs12913832_T,rs2378249_C,rs12896399_T,rs1393350_T,rs683_G,rs31149
08_T,rs1800414_C,rs10756819_G,rs2238289_C,rs17128291_C,rs6497292_C,rs1129038_G,rs1667394_C,rs1126809
_A,rs1470608_A,rs1426654_G,rs6119471_C,rs1545397_T,rs6059655_T,rs12441727_A,rs3212355_A,rs8051733_C 

UstIshim_1x_Sampling1,0,0,0,0,0,0,0,0,0,0,0,2,2,0,2,0,0,0,0,2,0,2,0,2,0,0,2,2,0,2,2,2,0,2,2,0,2,0,0,0,0 

UstIshim_1x_ Sampling2,0,0,0,0,0,0,0,0,0,0,0,2,2,0,2,0,0,0,0,2,0,2,0,2,0,0,2,2,0,2,2,2,0,2,2,0,2,0,0,0,0 

UstIshim_1x_ Sampling3,0,0,0,0,0,0,0,0,0,0,0,2,2,0,2,0,0,0,0,2,0,2,0,2,0,0,2,2,0,2,2,2,0,2,2,0,2,0,0,0,0 

… 

UstIshim_1x_ Sampling1000,0,0,0,0,0,0,0,0,0,0,0,2,2,0,2,0,0,0,0,2,0,2,0,2,0,0,2,2,0,2,2,2,0,2,2,0,2,0,0,0,0 
 
Table 3.3 - Example extracted from the uploaded CSV of the Ust'-Ishim sample, downsampling 1 at coverage 1x. The first row includes 
the CSV file header containing the sample ID and Rs IDs of informative alleles for HIrisPlex-S. Rows 2 to end present a set of 41 sampled 
alleles. 

Phenotypic prediction followed the classical protocol aforementioned in subparagraph 3.5.3. 
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3.7 Imputation workflow 

Low-coverage imputation is increasingly prevalent in aDNA studies. However, the literature shows 

that imputation pipelines typically utilized for contemporary genomes may be inaccurate when ap-

plied to older samples, particularly concerning rare variants (Hui et al., 2020; Sousa da Mota et al., 

2023; Garrido Marques et al., 2024), such as the A allele at rs312262906 (MAF = 0,01) or rs11547464 

(MAF < 0.01) associated with the red hair colour phenotype (Branicki et al., 2011; 

https://www.ncbi.nlm.nih.gov/snp/).  

In the light of this, the golden standard imputation pipeline for aDNA released in June 2023 by Bá-

rbara Sousa da Mota and colleagues and published in Nature Communications was tested to observe 

how phenotypic predictions vary with changes in average coverage and the presence of missing var-

iants. 

All the steps were performed on samples subjected to mean progressive downsampling. As ex-

plained earlier in paragraph 3.5, the 10 repetitions were carried out starting from 8x coverage down-

ward, with the 5 initial repetitions for Ust’-Ishim and SF12 including higher coverage levels. This 

methodological approach was implemented to maintain robustness and consistency throughout the 

analysis of the samples. The total number of phenotypic predictions made was 225. 

3.7.1 Indel check 

The indel discovery phase followed the classical protocol aforementioned in subparagraph 3.5.1. 

3.7.2 Variant calling 

Following the guidelines of Sousa da Mota, the reference panel selected was the 1000 Genomes 

phase 3 v5, comprising 3202 samples re-sequenced at 30x (Byrska-Bishop et al., 2022; Sousa da 

Mota et al., 2023). Data were downloaded in VCF format from NCBI (http://ftp.1000ge-

nomes.ebi.ac.uk/vol1/ftp/data_collections/1000G_2504_high_coverage/) and checked for 

HIrisPlex-S. Two positions in chromosome 16 were missing: 89985753 (rs312262906) and 89986122 

(rs201326893). The reference panel was lifted over from build GRCh38 to GRCh37 reference genome 

assembly using Picard liftoverVCF v2.24.1 (https://broadinstitute.github.io/picard/) with the 

hg38ToHg19 chain from the University of California, Santa Cruz liftOver tool (http://hgdown-

load.cse.ucsc.edu/goldenpath/hg38/liftOver/). BCFtools v1.11 software (Li, 2011) was used with the 
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options “-S” and “-m 2 -M 2 -v snps” to remove related individuals and multiallelic records, resulting 

in approximately 90 million SNPs and 2504 samples remaining.  

The first phase of imputation involved generating genotype likelihoods and calls, which were calcu-

lated using BCFtools v1.11 261 with the command bcftools mpileup and the parameters “-I” (output 

variants in the form FORMAT/GT), “-E” (uniform error probability), “-a” (print all sites in FORMAT/DP) 

“-ignore-RG” (treat all reads in one alignment file as one sample). Subsequently, bcftools call was 

executed with the options “-Aim” (ignore reference genome, output only sites with indels, merge 

multiple VCF/BCF files into a single output file) and “-C alleles” (call genotypes given alleles). Map-

ping (-Q) and base quality (-q) filters were set to 30.  

Before proceeding, HIrisPlex-S positions were removed from all the mean progressive downsampled 

genomes. 

The imputation of the downsampled genomes was performed using GLIMPSE v1.1.1 (Rubinacci et 

al., 2021). Chromosomes were split into chunks of sizes in the range 1–2 Mb using GLIMPSE_chunk, 

with a 200-kb buffer region at each side of a chunk. Imputation was then carried out with 

GLIMPSE_phase using parameters “--burn 10” (number of burn-in iterations for sampling a new pair 

of haplotypes per target individual by conditioning on haplotypes from the reference panel), “--main 

15” (number of main iterations that contributes to output genotypes) and “--pbwt-depth2” (model 

state space to store reference and target haplotypes as a positional Burrows–Wheeler transform). 

Finally, the imputed chunks were ligated using GLIMPSE_ligate and the most likely haplotype pair 

for each sample was determined using the “--solve” option in GLIMPSE_sample. 

The final output was a VCF file reporting all the called and phased genotypes in one chromosome. 

The HIrisPlex-S genotypes were then extracted for the phenotypic predictions. 

3.7.3 Phenotypic Prediction and Interpretation of the Prediction Outcomes 

Phenotypic prediction followed the classical protocol aforementioned in subparagraph 3.5.3. 

3.8 User Manual and Dataset Application 

Upon conclusion of the testing phase on the three approaches, the most robust method for per-

forming phenotypic inference on ancient and low-coverage data was identified.  
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The proposed guidelines recommend applying the classical HIrisPlex-S protocol exclusively when a 

minimum coverage of 8x is guaranteed, while the newly proposed protocol utilizing the Genotype 

Likelihoods Model is advised for lower coverage. Following these guidelines, phenotypic inferences 

for eye colour, hair colour and skin tone were conducted on the samples in the dataset described in 

paragraph 3.2.  

To optimize the prediction protocol, the pipeline was implemented with Bash scripts designed to 

monitor the sample coverage status. For each sample, a SAMtools mpileup file was generated for 

the 41 HIrisPlex-S positions. Checks were conducted using the mpileup for each sample at these 

positions, ensuring minimum coverage, identifying missing data, assessing the absence of critical 

positions impacting predictions (e.g., HERC2, SLC45A2, IRF4 and MC1R positions) and detecting in-

dels. After verifying the sample status, if the guaranteed minimum coverage at each position was at 

least 8x, direct calling was performed; otherwise, the new prediction protocol utilizing genotype 

likelihood support was applied. 
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4 RESULTS E DISCUSSION 

The initial phase of this project involved the evaluation of three phenotypic prediction methods to 

provide an optimized protocol of inference of phenotypic traits based on the specific coverage of 

the HIrisPlex-S positions. The methods assessed were: the HIrisPlex-S Standard Protocol, the 

HIrisPlex-S Protocol Implemented with a Genotype Likelihoods Model, and phenotypic predictions 

derived from imputed data. Each method was tested on three different samples (Ust’-Ishim, SF12, 

and I5835) from three distinct historical periods (Palaeolithic, Mesolithic, and Bronze Age), with each 

sample subjected to 10 distinct downsampling procedures. 

Given the limitation of lacking observed information on phenotypic traits of these samples, it was 

considered “true” phenotypic traits those inferred by applying the Standard HIrisPlex-S Protocol to 

high-coverage data. Consequently, it was determined that the Ust'-Ishim sample exhibited brown 

eyes, black hair, and dark to black skin; the SF12 sample had blue eyes, brown to dark brown hair, 

and dark skin; and the I5835 sample displayed brown eyes, dark brown to black hair, and an inter-

mediate skin tone. 

Throughout this thesis, eye, hair, and skin colour phenotypic inference results are presented using 

bar graphs. Each graph displays the variation in coverage on the X-axis and the percentage of predic-

tion for each phenotypic class on the Y-axis, with percentages calculated over 10 repetitions of each 

downsampling. Each graph represents a predictive model, and for the HIrisPlex-S Protocol imple-

mented with a Genotype Likelihoods Model, two graphs are presented: the first illustrates all ob-

tained predictions, while the second applies a 90% threshold. Specifically, if a phenotypic class is 

predicted in at least 900 out of 1000 cases, it is considered the sole predicted phenotype, and the 

values for this class are reported as if they were predicted in all 1000 cases. If the threshold is not 

met, predictions for all classes are reported. Following these, graphs depict the percentages of cor-

rect and incorrect predictions, based on the phenotype considered as “true” from high-coverage 

data. 

At the end of this part of the project, it should be possible to identify which procedure is more robust 

to predict phenotypic traits for each coverage level. 

In the second part of the project these guidelines of phenotypic inference were applied to a dataset 

comprising 348 samples, including the three previously tested, spanning from the Palaeolithic period 

to the Iron Age. Results are presented using maps which illustrate the geographical distribution of 
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samples and pie charts collocated on sample collection sites. Each pie chart represents the percent-

age of predicted phenotypes and their size corresponds to the number of samples used for the phe-

notypic inference. 

The results, along with the corresponding discussions, are organized according to these two main 

points: first the testing phase and then the application of the guidelines on the dataset. For clarity, 

results are further divided by historical period (Palaeolithic, Mesolithic, Neolithic, Copper Age, 

Bronze Age, and Iron Age) and predicted phenotypic trait (eye colour, hair colour, and skin colour). 

4.1 Ust’-Ishim sample 

For the Palaeolithic sample Ust’-Ishim (with an average coverage of 28.5x), the maximum coverage 

at the HIrisPlex-S positions, from which downsampling initiated, was 17x. 

The results of each specific downsampling are provided in the folder at the following link: Ust'-Ishim. 

4.1.1 Eye colour prediction 

The results for eye colour phenotypic inference follow the order and criteria explained in the begin-

ning of chapter 4.  

Initially, the graphs display the percentages of prediction for each phenotypic class across 10 repeti-

tions of downsampling (Figures 4.1, 4.2, 4.3, and 4.4). Subsequently, graphs illustrate the per-

centages of correct and incorrect predictions based on the phenotype considered “true”, namely 

brown eye (Figures 4.5, 4.6, 4.7, and 4.8). 

  

https://univpr-my.sharepoint.com/:f:/g/personal/silvia_perretti_unipr_it/EhVTf5dL17RPqld33VHCPUwBpfim6hgYGtTuBcuzejQalg?e=pCaSmD
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• HIrisPlex-S Standard Protocol 

 

Figure 4.1 - Percentage distribution of predicted eye colour phenotypes for the Ust'-Ishim sample using the HIrisPlex-S Standard Pro-
tocol across different sequencing coverage levels. The x-axis represents the coverage levels, while the y-axis shows the percentage of 
times each phenotype was predicted over 10 iterations. 

• HIrisPlex-S Protocol Implemented with a Genotype Likelihoods Model 

 

Figure 4.2 - Percentage distribution of predicted eye colour phenotypes for the Ust'-Ishim sample using the HIrisPlex-S Protocol Imple-
mented with a Genotype Likelihoods Model across different sequencing coverage levels. The x-axis represents the coverage levels, 
while the y-axis shows the percentage of times each phenotype was predicted over 10 iterations. This graph depicts all obtained 
predictions. 
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Figure 4.3 - Percentage distribution of predicted eye colour phenotypes for the Ust'-Ishim sample using the HIrisPlex-S Protocol Imple-
mented with a Genotype Likelihoods Model across different sequencing coverage levels. The x-axis represents coverage levels, while 
the y-axis shows the percentage of times each phenotype was predicted over ten iterations. A 90% threshold is applied: if a phenotype 
reaches at least 900 predictions out of 1000, it is considered the sole predicted phenotype, with only its values retained. If the threshold 
is not met, values for all phenotypes are reported. 

• Phenotypic predictions from imputed data 

 

Figure 4.4 - Percentage distribution of predicted eye colour phenotypes for the Ust'-Ishim sample using imputed genotypes. The x-axis 
represents the coverage levels, while the y-axis shows the percentage of times each phenotype was predicted over 10 iterations. 

The subsequent bar graphs display the percentages of correct and incorrect phenotypic predictions 

based on the presumed true phenotype, derived from high-coverage data (Figures 4.5, 4.6, 4.7, and 

4.8). The graphs are arranged in the following order: HIrisPlex-S Standard Protocol, HIrisPlex-S 
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Protocol Implemented with a Genotype Likelihoods Model, and phenotypic predictions derived from 

imputed data. 

• HIrisPlex-S Standard Protocol 

 

Figure 4.5 - Percentage distribution of predicted phenotypes for the Ust'-Ishim sample using the HIrisPlex-S Standard Protocol across 
different coverage levels. The x-axis represents coverage levels, while the y-axis shows the percentage of times each phenotype was 
predicted over ten iterations. Correct predictions are shown in green, and incorrect predictions are shown in red, highlighting the 
model's performance. 

• HIrisPlex-S Protocol Implemented with a Genotype Likelihoods Model 

 

Figure 4.6 - Percentage distribution of predicted phenotypes for the Ust'-Ishim sample using the HIrisPlex-S Protocol Implemented with 
a Genotype Likelihoods Model across different coverage levels. The x-axis represents coverage levels, while the y-axis shows the per-
centage of times each phenotype was predicted over ten iterations. Correct predictions are shown in green, and incorrect predictions 
are shown in red, highlighting the model's performance. This graph depicts all obtained predictions. 
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Figure 4.7 - Percentage distribution of predicted phenotypes for the Ust'-Ishim sample using the HIrisPlex-S Protocol Implemented with 
a Geno-type Likelihoods Model across different coverage levels. The x-axis represents coverage levels, while the y-axis shows the per-
centage of times each phenotype was predicted over ten iterations. Correct predictions are shown in green, and incorrect predictions 
are shown in red, highlighting the model's performance. A 90% threshold is applied: if a phenotype reaches at least 900 predictions 
out of 1000, it is considered the sole predicted phenotype, with only its values retained. If the threshold is not met, values for all 
phenotypes are reported. 

• Phenotypic predictions from imputed data 

 

Figure 4.8 - Percentage distribution of predicted phenotypes for the Ust'-Ishim sample using imputed genotypes. The x-axis represents 
coverage levels, while the y-axis shows the percentage of times each phenotype was predicted over ten iterations. Correct predictions 
are shown in green, and incorrect predictions are shown in red, highlighting the model's performance.  
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4.1.2 Hair colour prediction 

The results for hair colour phenotypic inference follow the order and criteria explained in the begin-

ning of chapter 4.  

Initially, the graphs display the percentages of prediction for each phenotypic class across 10 repeti-

tions of downsampling (Figures 4.9, 4.10, 4.11, and 4.12). Subsequently, graphs illustrate the per-

centages of correct and incorrect predictions based on the phenotype considered “true”, namely 

black hair (Figures 4.13, 4.14, 4.15, and 4.16).  



Robust inference of phenotypic traits from low-coverage ancient genomes 

 

64 
 

• HIrisPlex-S Standard Protocol 

 

Figure 4.9 - Percentage distribution of predicted hair colour phenotypes for the Ust'-Ishim sample using the HIrisPlex-S Standard Pro-
tocol across different sequencing coverage levels. The x-axis represents the coverage levels, while the y-axis shows the percentage of 
times each phenotype was predicted over 10 iterations. 

• HIrisPlex-S Protocol Implemented with a Genotype Likelihoods Model 

 

Figure 4.10 - Percentage distribution of predicted hair colour phenotypes for the Ust'-Ishim sample using the HIrisPlex-S Protocol Im-
plemented with a Genotype Likelihoods Model across different sequencing coverage levels. The x-axis represents the coverage levels, 
while the y-axis shows the percentage of times each phenotype was predicted over 10 iterations. This graph depicts all obtained 
predictions. 
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Figure 4.11 - Percentage distribution of predicted hair colour phenotypes for the Ust'-Ishim sample using the HIrisPlex-S Protocol Im-
plemented with a Genotype Likelihoods Model across different sequencing coverage levels. The x-axis represents coverage levels, while 
the y-axis shows the percentage of times each phenotype was predicted over ten iterations. A 90% threshold is applied: if a phenotype 
reaches at least 900 predictions out of 1000, it is considered the sole predicted phenotype, with only its values retained. If the threshold 
is not met, values for all phenotypes are reported. 

• Phenotypic predictions from imputed data 

 

Figure 4.12 - Percentage distribution of predicted hair colour phenotypes for the Ust'-Ishim sample using imputed genotypes. The x-
axis represents the coverage levels, while the y-axis shows the percentage of times each phenotype was predicted over 10 iterations. 

The subsequent bar graphs display the percentages of correct and incorrect phenotypic predictions, 

based on the presumed true phenotype, derived from high-coverage data (Figures 4.13, 4.14, 4.15, 

and 4.16). The graphs are presented in the order: HIrisPlex-S Standard Protocol, HIrisPlex-S Protocol 
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Implemented with a Genotype Likelihoods Model, and phenotypic predictions derived from imputed 

data. 

• HIrisPlex-S Standard Protocol 

 

Figure 4.13 - Percentage distribution of predicted phenotypes for the Ust'-Ishim sample using the HIrisPlex-S Standard Protocol across 
different coverage levels. The x-axis represents coverage levels, while the y-axis shows the percentage of times each phenotype was 
predicted over ten iterations. Correct predictions are shown in green, and incorrect predictions are shown in red, highlighting the 
model's performance. 

• HIrisPlex-S Protocol Implemented with a Genotype Likelihoods Model 

 

Figure 4.14 - Percentage distribution of predicted phenotypes for the Ust'-Ishim sample using the HIrisPlex-S Protocol Implemented 
with a Genotype Likelihoods Model across different coverage levels. The x-axis represents coverage levels, while the y-axis shows the 
percentage of times each phenotype was predicted over ten iterations. Correct predictions are shown in green, and incorrect predic-
tions are shown in red, highlighting the model's performance. This graph depicts all obtained predictions. 
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Figure 4.15 - Percentage distribution of predicted phenotypes for the Ust'-Ishim sample using the HIrisPlex-S Protocol Implemented 
with a Genotype Likelihoods Model across different coverage levels. The x-axis represents coverage levels, while the y-axis shows the 
percentage of times each phenotype was predicted over ten iterations. Correct predictions are shown in green, and incorrect predic-
tions are shown in red, highlighting the model's performance. A 90% threshold is applied: if a phenotype reaches at least 900 predic-
tions out of 1000, it is considered the sole predicted phenotype, with only its values retained. If the threshold is not met, values for all 
phenotypes are reported. 

• Phenotypic predictions from imputed data 

 

Figure 4.16 - Percentage distribution of predicted phenotypes for the Ust'-Ishim sample using imputed genotypes. The x-axis represents 
coverage levels, while the y-axis shows the percentage of times each phenotype was predicted over ten iterations. Correct predictions 
are shown in green, and incorrect predictions are shown in red, highlighting the model's performance. 
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4.1.3 Skin colour prediction 

The results for skin colour phenotypic inference follow the order and criteria explained in the begin-

ning of chapter 4.  

Initially, the graphs display the percentages of prediction for each phenotypic class across 10 repeti-

tions of downsampling (Figures 4.17, 4.18, 4.19, and 4.20). Subsequently, graphs illustrate the per-

centages of correct and incorrect predictions based on the phenotype considered “true”, namely 

dark to black skin (Figures 4.21, 4.22, 4.23, and 4.24). 
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• HIrisPlex-S Standard Protocol 

 

Figure 4.17 - Percentage distribution of predicted skin colour phenotypes for the Ust'-Ishim sample using the HIrisPlex-S Standard 
Protocol across different sequencing coverage levels. The x-axis represents the coverage levels, while the y-axis shows the percentage 
of times each phenotype was predicted over 10 iterations. 

• HIrisPlex-S Protocol Implemented with a Genotype Likelihoods Model 

 

Figure 4.18 - Percentage distribution of predicted skin colour phenotypes for the Ust'-Ishim sample using the HIrisPlex-S Protocol Im-
plemented with a Genotype Likelihoods Model across different sequencing coverage levels. The x-axis represents the coverage levels, 
while the y-axis shows the percentage of times each phenotype was predicted over 10 iterations. This graph depicts all obtained 
predictions. 
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Figure 4.19 - Percentage distribution of predicted skin colour phenotypes for the Ust'-Ishim sample using the HIrisPlex-S Protocol Im-
plemented with a Genotype Likelihoods Model across different sequencing coverage levels. The x-axis represents coverage levels, while 
the y-axis shows the percentage of times each phenotype was predicted over ten iterations. A 90% threshold is applied: if a phenotype 
reaches at least 900 predictions out of 1000, it is considered the sole predicted phenotype, with only its values retained. If the threshold 
is not met, values for all phenotypes are reported. 

• Phenotypic predictions from imputed data 

 

Figure 4.20 - Percentage distribution of predicted skin colour phenotypes for the Ust'-Ishim sample using imputed genotypes. The x-
axis represents the coverage levels, while the y-axis shows the percentage of times each phenotype was predicted over 10 iterations. 

The subsequent bar graphs display the percentages of correct and incorrect phenotypic predictions, 

based on the presumed true phenotype, derived from high-coverage data (Figures 4.21, 4.22, 4.23, 

and 4.24). The graphs are presented in the order: HIrisPlex-S Standard Protocol, HIrisPlex-S Protocol 
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Implemented with a Genotype Likelihoods Model, and phenotypic predictions derived from imputed 

data. 

• HIrisPlex-S Standard Protocol 

 

Figure 4.21 - Percentage distribution of predicted phenotypes for the Ust'-Ishim sample using the HIrisPlex-S Standard Protocol across 
different coverage levels. The x-axis represents coverage levels, while the y-axis shows the percentage of times each phenotype was 
predicted over ten iterations. Correct predictions are shown in green, and incorrect predictions are shown in red, highlighting the 
model's performance. 

• HIrisPlex-S Protocol Implemented with a Genotype Likelihoods Model 

 

Figure 4.22 - Percentage distribution of predicted phenotypes for the Ust'-Ishim sample using the HIrisPlex-S Protocol Implemented 
with a Genotype Likelihoods Model across different coverage levels. The x-axis represents coverage levels, while the y-axis shows the 
percentage of times each phenotype was predicted over ten iterations. Correct predictions are shown in green, and incorrect predic-
tions are shown in red, highlighting the model's performance. This graph depicts all obtained predictions. 
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Figure 4.23 - Percentage distribution of predicted phenotypes for the Ust'-Ishim sample using the HIrisPlex-S Protocol Implemented 
with a Genotype Likelihoods Model across different coverage levels. The x-axis represents coverage levels, while the y-axis shows the 
percentage of times each phenotype was predicted over ten iterations. Correct predictions are shown in green, and incorrect predic-
tions are shown in red, highlighting the model's performance. A 90% threshold is applied: if a phenotype reaches at least 900 predic-
tions out of 1000, it is considered the sole predicted phenotype, with only its values retained. If the threshold is not met, values for all 
phenotypes are reported. 

• Phenotypic predictions from imputed data 

 

Figure 4.24 - Percentage distribution of predicted phenotypes for the Ust'-Ishim sample using imputed genotypes. The x-axis represents 
coverage levels, while the y-axis shows the percentage of times each phenotype was predicted over ten iterations. Correct predictions 
are shown in green, and incorrect predictions are shown in red, highlighting the model's performance. 
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The results obtained for the Palaeolithic sample Ust'-Ishim demonstrate robust phenotypic predic-

tion for both eye colour (Figures 4.1, and 4.4) and hair colour (Figures 4.9, and 4.12) using both the 

HIrisPlex-S Standard Protocol and imputed genotypes. Regardless of the coverage level, predictions 

for brown eye colour and black hair colour remain consistent.  

For the HIrisPlex-S Protocol Implemented with a Genotype Likelihoods Model, the error rate for eye 

colour prediction is less than 0.2% at 4x coverage (Figure 4.2). For hair colour inference, the error 

rate is less than 0.3% across all coverage levels from 4x to 1x (Figure 4.10). Applying the 90% thresh-

old (Figure 4.3), stochastic associations among genotypes with lower posterior probabilities, which 

could otherwise lead to erroneous inferences, are filtered out. 

For skin colour inference, the HIrisPlex-S Protocol Implemented with a Genotype Likelihoods Model 

demonstrates greater robustness compared to other methods, with an error rate for phenotypic 

predictions below 0.55% (Figures 4.18). This error rate vanishes once the 90% threshold is applied 

(Figures 4.19). Specifically, the HIrisPlex-S Standard Protocol, at 1x coverage, infers an incorrect phe-

notype in 10% of cases (Figure 4.17). In contrast, the imputation-based method fails in 50% of cases 

at 1x and 2x coverage, and in 10% of cases at 3x coverage (Figure 4.20).  

4.2 SF12 sample 

For the Mesolithic sample SF12 (with an average coverage of 43.9x), the maximum coverage at the 

HIrisPlex-S positions, from which downsampling initiated, was 33x. 

The results of each specific downsampling are provided in the folder at the following link: SF12. 

4.2.1 Eye colour prediction 

The results for eye colour phenotypic inference follow the order and criteria explained in the begin-

ning of chapter 4. 

Initially, the graphs display the percentages of predictions for each phenotypic class across 10 repe-

titions of downsampling (Figures 4.25, 4.26, 4.27, and 4.28). Subsequently, graphs illustrate the per-

centages of correct and incorrect predictions based on the phenotype considered "true", namely 

blue eye (Figures 4.29, 4.30, 4.31, and 4.32). 

  

https://univpr-my.sharepoint.com/:f:/g/personal/silvia_perretti_unipr_it/ErZFofZ8KlhFj_l3INvJ-J0Bx1QRc3S-M3ZAg3MESAN3EA?e=yF8Wgf
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• HIrisPlex-S Standard Protocol 

 

Figure 4.25 - Percentage distribution of predicted eye colour phenotypes for the SF12 sample using the HIrisPlex-S Standard Protocol 
across different sequencing coverage levels. The x-axis represents the coverage levels, while the y-axis shows the percentage of times 
each phenotype was predicted over 10 iterations 

• HIrisPlex-S Protocol Implemented with a Genotype Likelihoods Model 

 

Figure 4.26 - Percentage distribution of predicted eye colour phenotypes for the SF12 sample using the HIrisPlex-S Protocol Imple-
mented with a Genotype Likelihoods Model across different sequencing coverage levels. The x-axis represents the coverage levels, 
while the y-axis shows the percentage of times each phenotype was predicted over 10 iterations. This graph depicts all obtained 
predictions. 
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Figure 4.27 - Percentage distribution of predicted eye colour phenotypes for the SF12 sample using the HIrisPlex-S Protocol Imple-
mented with a Genotype Likelihoods Model across different sequencing coverage levels. The x-axis represents coverage levels, while 
the y-axis shows the percentage of times each phenotype was predicted over ten iterations. A 90% threshold is applied: if a phenotype 
reaches at least 900 predictions out of 1000, it is considered the sole predicted phenotype, with only its values retained. If the threshold 
is not met, values for all phenotypes are reported. 

• Phenotypic predictions from imputed data 

 

Figure 4.28 - Percentage distribution of predicted eye colour phenotypes for the SF12 sample using imputed genotypes. The x-axis 
represents the coverage levels, while the y-axis shows the percentage of times each phenotype was predicted over 10 iterations. 

The subsequent bar graphs display the percentages of correct and incorrect phenotypic predictions 

based on the presumed true phenotype, derived from high-coverage data (Figure 4.29, 4.30, 4.31, 

and 4.32). The graphs are arranged in the following order: HIrisPlex-S Standard Protocol, HIrisPlex-S 
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Protocol Implemented with a Genotype Likelihoods Model, and phenotypic predictions derived from 

imputed data. 

• HIrisPlex-S Standard Protocol 

 

Figure 4.29 - Percentage distribution of predicted phenotypes for the SF12 sample using the HIrisPlex-S Standard Protocol across dif-
ferent coverage levels. The x-axis represents coverage levels, while the y-axis shows the percentage of times each phenotype was 
predicted over ten iterations. Correct predictions are shown in green, and incorrect predictions are shown in red, highlighting the 
model's performance. 

• HIrisPlex-S Protocol Implemented with a Genotype Likelihoods Model 

 

Figure 4.30 - Percentage distribution of predicted phenotypes for the SF12 sample using the HIrisPlex-S Protocol Implemented with a 
Genotype Likelihoods Model across different coverage levels. The x-axis represents coverage levels, while the y-axis shows the per-
centage of times each phenotype was predicted over ten iterations. Correct predictions are shown in green, and incorrect predictions 
are shown in red, highlighting the model's performance. This graph depicts all obtained predictions. 
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Figure 4.31 - Percentage distribution of predicted phenotypes for the SF12 sample using the HIrisPlex-S Protocol Implemented with a 
Geno-type Likelihoods Model across different coverage levels. The x-axis represents coverage levels, while the y-axis shows the per-
centage of times each phenotype was predicted over ten iterations. Correct predictions are shown in green, and incorrect predictions 
are shown in red, highlighting the model's performance. A 90% threshold is applied: if a phenotype reaches at least 900 predictions 
out of 1000, it is considered the sole predicted phenotype, with only its values retained. If the threshold is not met, values for all 
phenotypes are reported. 

• Phenotypic predictions from imputed data 

 

Figure 4.32 - Percentage distribution of predicted phenotypes for the SF12 sample using imputed genotypes. The x-axis represents 
coverage levels, while the y-axis shows the percentage of times each phenotype was predicted over ten iterations. Correct predictions 
are shown in green, and incorrect predictions are shown in red, highlighting the model's performance. 
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4.2.2 Hair colour prediction 

The results for hair colour phenotypic inference follow the order and criteria explained in the begin-

ning of chapter 4. 

Initially, the graphs display the percentages of prediction for each phenotypic class across 10 repeti-

tions of downsampling (Figures 4.33, 4.34, 4.35, and 4.36). Subsequently, graphs illustrate the per-

centages of correct and incorrect predictions based on the phenotype considered “true”, namely 

brown to dark brown hair (Figures 4.37, 4.38, 4.39, and 4.40). 

  



Robust inference of phenotypic traits from low-coverage ancient genomes 

 

79 
 

• HIrisPlex-S Standard Protocol 

 

Figure 4.33 - Percentage distribution of predicted hair colour phenotypes for the SF12 sample using the HIrisPlex-S Standard Protocol 
across different sequencing coverage levels. The x-axis represents the coverage levels, while the y-axis shows the percentage of times 
each phenotype was predicted over 10 iterations. 

• HIrisPlex-S Protocol Implemented with a Genotype Likelihoods Model 

 

Figure 4.34 - Percentage distribution of predicted hair colour phenotypes for the SF12 sample using the HIrisPlex-S Protocol Imple-
mented with a Genotype Likelihoods Model across different sequencing coverage levels. The x-axis represents the coverage levels, 
while the y-axis shows the percentage of times each phenotype was predicted over 10 iterations. This graph depicts all obtained 
predictions. 
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Figure 4.35 - Percentage distribution of predicted hair colour phenotypes for the SF12 sample using the HIrisPlex-S Protocol Imple-
mented with a Genotype Likelihoods Model across different sequencing coverage levels. The x-axis represents coverage levels, while 
the y-axis shows the percentage of times each phenotype was predicted over ten iterations. A 90% threshold is applied: if a phenotype 
reaches at least 900 predictions out of 1000, it is considered the sole predicted phenotype, with only its values retained. If the threshold 
is not met, values for all phenotypes are reported. 

• Phenotypic predictions from imputed data 

 

Figure 4.36 - Percentage distribution of predicted hair colour phenotypes for the SF12 sample using imputed genotypes. The x-axis 
represents the coverage levels, while the y-axis shows the percentage of times each phenotype was predicted over 10 iterations. 

The subsequent bar graphs display the percentages of correct and incorrect phenotypic predictions 

based on the presumed true phenotype, derived from high-coverage data (Figures 4.37, 4.38, 4.39, 

and 4.40). The graphs are arranged in the following order: HIrisPlex-S Standard Protocol, HIrisPlex-S 
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Protocol Implemented with a Genotype Likelihoods Model, and phenotypic predictions derived from 

imputed data. 

• HIrisPlex-S Standard Protocol 

 

Figure 4.37 - Percentage distribution of predicted phenotypes for the SF12 sample using the HIrisPlex-S Standard Protocol across dif-
ferent coverage levels. The x-axis represents coverage levels, while the y-axis shows the percentage of times each phenotype was 
predicted over ten iterations. Correct predictions are shown in green, and incorrect predictions are shown in red, highlighting the 
model's performance. 

• HIrisPlex-S Protocol Implemented with a Genotype Likelihoods Model 

 

Figure 4.38 - Percentage distribution of predicted phenotypes for the SF12 sample using the HIrisPlex-S Protocol Implemented with a 
Genotype Likelihoods Model across different coverage levels. The x-axis represents coverage levels, while the y-axis shows the per-
centage of times each phenotype was predicted over ten iterations. Correct predictions are shown in green, and incorrect predictions 
are shown in red, highlighting the model's performance. This graph depicts all obtained predictions. 
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Figure 4.39 - Percentage distribution of predicted phenotypes for the SF12 sample using the HIrisPlex-S Protocol Implemented with a 
Genotype Likelihoods Model across different coverage levels. The x-axis represents coverage levels, while the y-axis shows the per-
centage of times each phenotype was predicted over ten iterations. Correct predictions are shown in green, and incorrect predictions 
are shown in red, highlighting the model's performance. A 90% threshold is applied: if a phenotype reaches at least 900 predictions 
out of 1000, it is considered the sole predicted phenotype, with only its values retained. If the threshold is not met, values for all 
phenotypes are reported. 

• Phenotypic predictions from imputed data 

 

Figure 4.40 - Percentage distribution of predicted phenotypes for the SF12 sample using imputed genotypes. The x-axis represents 
coverage levels, while the y-axis shows the percentage of times each phenotype was predicted over ten iterations. Correct predictions 
are shown in green, and incorrect predictions are shown in red, highlighting the model's performance. 
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4.2.3 Skin colour prediction 

The results for skin colour phenotypic inference follow the order and criteria explained in the begin-

ning of chapter 4. 

Initially, the graphs display the percentages of prediction for each phenotypic class across 10 repeti-

tions of downsampling (Figures 4.41, 4.42, 4.43, and 4.44). Subsequently, graphs illustrate the per-

centages of correct and incorrect predictions based on the phenotype considered “true”, namely 

dark skin (Figures 4.45, 4.46, 4.47, and 4.48). 
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• HIrisPlex-S Standard Protocol 

 

Figure 4.41 - Percentage distribution of predicted skin colour phenotypes for the SF12 sample using the HIrisPlex-S Standard Protocol 
across different sequencing coverage levels. The x-axis represents the coverage levels, while the y-axis shows the percentage of times 
each phenotype was predicted over 10 iterations. 

• HIrisPlex-S Protocol Implemented with a Genotype Likelihoods Model 

 

Figure 4.42 - Percentage distribution of predicted skin colour phenotypes for the SF12 sample using the HIrisPlex-S Protocol Imple-
mented with a Genotype Likelihoods Model across different sequencing coverage levels. The x-axis represents the coverage levels, 
while the y-axis shows the percentage of times each phenotype was predicted over 10 iterations. This graph depicts all obtained 
predictions. 
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Figure 4.43 - Percentage distribution of predicted skin colour phenotypes for the SF12 sample using the HIrisPlex-S Protocol Imple-
mented with a Genotype Likelihoods Model across different sequencing coverage levels. The x-axis represents coverage levels, while 
the y-axis shows the percentage of times each phenotype was predicted over ten iterations. A 90% threshold is applied: if a phenotype 
reaches at least 900 predictions out of 1000, it is considered the sole predicted phenotype, with only its values retained. If the threshold 
is not met, values for all phenotypes are reported. 

• Phenotypic predictions from imputed data 

 

Figure 4.44 - Percentage distribution of predicted skin colour phenotypes for the SF12 sample using imputed genotypes. The x-axis 
represents the coverage levels, while the y-axis shows the percentage of times each phenotype was predicted over 10 iterations. 

The subsequent bar graphs display the percentages of correct and incorrect phenotypic predictions 

based on the presumed true phenotype, derived from high-coverage data (Figures 4.45, 4.46, 4.47, 

and 4.48). The graphs are arranged in the following order: HIrisPlex-S Standard Protocol, HIrisPlex-S 
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Protocol Implemented with a Genotype Likelihoods Model, and phenotypic predictions derived from 

imputed data. 

• HIrisPlex-S Standard Protocol 

 

Figure 4.45 - Percentage distribution of predicted phenotypes for the SF12 sample using the HIrisPlex-S Standard Protocol across dif-
ferent coverage levels. The x-axis represents coverage levels, while the y-axis shows the percentage of times each phenotype was 
predicted over ten iterations. Correct predictions are shown in green, and incorrect predictions are shown in red, highlighting the 
model's performance. 

• HIrisPlex-S Protocol Implemented with a Genotype Likelihoods Model 

 

Figure 4.46 - Percentage distribution of predicted phenotypes for the SF12 sample using the HIrisPlex-S Protocol Implemented with a 
Genotype Likelihoods Model across different coverage levels. The x-axis represents coverage levels, while the y-axis shows the per-
centage of times each phenotype was predicted over ten iterations. Correct predictions are shown in green, and incorrect predictions 
are shown in red, highlighting the model's performance. This graph depicts all obtained predictions. 
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Figure 4.47 - Percentage distribution of predicted phenotypes for the SF12 sample using the HIrisPlex-S Protocol Implemented with a 
Genotype Likelihoods Model across different coverage levels. The x-axis represents coverage levels, while the y-axis shows the per-
centage of times each phenotype was predicted over ten iterations. Correct predictions are shown in green, and incorrect predictions 
are shown in red, highlighting the model's performance. A 90% threshold is applied: if a phenotype reaches at least 900 predictions 
out of 1000, it is considered the sole predicted phenotype, with only its values retained. If the threshold is not met, values for all 
phenotypes are reported. 

• Phenotypic predictions from imputed data 

 

Figure 4.48 - Percentage distribution of predicted phenotypes for the SF12 sample using imputed genotypes. The x-axis represents 
coverage levels, while the y-axis shows the percentage of times each phenotype was predicted over ten iterations. Correct predictions 
are shown in green, and incorrect predictions are shown in red, highlighting the model's performance. 
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In the context of eye colour phenotypic inference for the Mesolithic sample SF12, the HIrisPlex-S 

Protocol, when implemented with a Genotype Likelihoods Model, demonstrates better performance 

compared to both the HIrisPlex-S Standard Protocol and imputed genotypes. As illustrated in Figures 

4.25, 4.26, and 4.28, the HIrisPlex-S Standard Protocol consistently underperforms in phenotypic 

prediction at intermediate to low coverage levels (e.g., 8x, 5x, 4x), with failure rates ranging from 

10% to 20% of cases, and reaching up to 20% at 1x coverage. Predictions based on imputed data are 

inaccurate in 10% of cases at 5x, 2x, and 1x coverage levels. In contrast, the HIrisPlex-S Protocol 

implemented with a Genotype Likelihoods Model exhibits a high predictive capacity, with phenotype 

prediction failures occurring in only 20% of cases at 1x coverage and 13% at 2x coverage. Further-

more, it shows improved performance in phenotypic prediction at 8x, 5x, and 4x coverage levels, 

where the HIrisPlex-S Standard Protocol fails. 

In the context of hair colour predictions, making phenotypic inferences proves challenging across all 

three models. The HIrisPlex-S Protocol implemented with a Genotype Likelihoods Model demon-

strates inaccuracies of less than 0.2% at 20x coverage, less than 0.09% at 15x coverage, 42% at 12x 

coverage, 62% at 8x coverage, an average of 50% at 5x, 4x, and 3x coverage, and 80% at 2x coverage. 

Notably, at 1x coverage, this model outperforms the HIrisPlex-S classical workflow, achieving 40% 

correct predictions compared to 30%. When applying the 90% threshold (Figure 4.35), incorrect phe-

notypic predictions at 20x and 15x coverage are eliminated, the rate at 12x coverage decreases from 

42% to 25%, while for lower coverage values, the rates remain similar. HIrisPlex-S Standard Protocol 

exhibits a 20% of incorrect phenotypic predictions at 8x coverage, 40% at 5x coverage and 70% from 

4x downward. The conventional workflow for low coverage missing data shows 50% incorrect pre-

dictions at 8x coverage, 80% at 5x, and 70% of incorrect phenotypic predictions from 5x coverage 

downward. 

Of particular interest is the phenomenon of overexpression of the red and blond hair phenotype 

observed in the initial two prediction models, a subject that will be explored in further detail in 

section 4.2.4. 

For skin colour predictions in Mesolithic samples, the HIrisPlex-S Protocol implemented with a Gen-

otype Likelihoods Model demonstrates superior performance compared to both the HIrisPlex-S 

Standard Protocol and the common workflow for low coverage missing data. As depicted in Figures 

4.41, 4.42, and 4.44, the HIrisPlex-S Standard Protocol shows significant inaccuracies, with incorrect 
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prediction rates of 20% at 8x coverage, 40% at 5x coverage, and 40% at 4x coverage. Additionally, it 

fails to make predictions in 30% of cases at 3x and 2x coverage, and 40% of cases at 1x coverage. 

In contrast, the HIrisPlex-S Protocol implemented with a Genotype Likelihoods Model produces in-

correct predictions in less than 0.05% of cases at 20x and 15x coverage, approximately 20% of cases 

at 12x coverage, nearly 30% of cases at 8x coverage, about 20% of cases at 5x and 4x coverage, 10% 

of cases at 3x coverage, 34% of cases at 2x coverage, and 30% of cases at 1x coverage. When applying 

the 90% threshold (Figure 4.43), incorrect phenotypic predictions are eliminated at coverages higher 

than 12x. Predictions derived from imputed data also display inaccuracies, starting from 8x coverage 

and decreasing further. Error rates are 100% at 4x and 2x coverage, 90% at 3x coverage, and 80% at 

5x and 1x coverage. 

4.2.4 Analysis of Red and Blond Hair Phenotypic Expression 

As illustrated by the data presented in Figures 4.33 and 4.34, predictions of hair colour using both 

the HIrisPlex-S Standard Protocol and the HIrisPlex-S Protocol implemented with a Genotype Likeli-

hoods Model consistently show an increased prevalence of the red and blond hair phenotypes. 

To elucidate this observation, an example derived from SF12 downsampling 3 is provided for red 

hair. In this case, the red hair phenotype is absent when using the HIrisPlex-S Standard Protocol but 

becomes evident with the HIrisPlex-S Protocol implemented with a Genotype Likelihoods Model. 

Specifically, at 8x coverage, the HIrisPlex-S Standard Protocol predicts a brown to dark brown hair 

colour, reflecting the "true" phenotype (Figure 4.49), while the model based on genotype likelihoods 

predicts a red hair colour in over 90% of cases (Figure 4.50). 
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• HIrisPlex-S Standard Protocol 

 

Figure 4.49 - Results of SF12 downsampling number 3 hair phenotypic prediction applying the HIrisPlex-S Standard Protocol. Brown to 
dark brown phenotype at 8x coverage is circled. 

• HIrisPlex-S Protocol Implemented with a Genotype Likelihoods Model 

 

Figure 4.50 - Results of SF12 downsampling number 3 hair phenotypic prediction applying the HIrisPlex-S Protocol implemented with 
GL model. Red hair phenotype at 8x coverage is circled. 

Upon examining the input alleles, it becomes evident that only one allele at rs201326893 leads to a 

distinct phenotypic prediction, as demonstrated in Table 4.1.  
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SF12 8x 
HIrisPlex-S Stand-

ard Protocol 

SF12 8x 
HIrisPlex-S Proto-
col Implemented 
with a Genotype 

Likelihoods 
Model 

HIrisPlex-
S 

position Gene 
Genomic  
position Rs allele 

Input  
allele 

Geno-
type 

Allele 
num-
ber 

Geno-
type 

Allele 
num-
ber 

9 MC1R chr16:89986122 rs201326893 A CC 0 CA 1 

Table 4.1 - Comparison of different input alleles at position 89986122 on chromosome 16 for sample SF12, as determined by the 
HIrisPlex-S Standard Protocol and the HIrisPlex-S Protocol Implemented with a Genotype Likelihoods Model. 

Following the inspection of the alignment at this position, it is evident that there are 8 bases (8x 

punctual coverage), consisting of 7 C bases and 1 A base. The base qualities for all bases remain 

consistently high, with each base recording a score of 60 (Table 4.2). 

Alignment C C C A C C C C 

Base quality 60 60 60 60 60 60 60 60 

Table 4.2 - Alignment and base quality at position 89986122 on chromosome 16 for sample SF12 at downsampling 3. 

These observations lead to the consideration of two potential explanations for the phenotypic infer-

ence: one based on biological factors and the other on statistical analysis. 

The biological explanation is derived from the research conducted by Walsh and colleagues in 2013, 

the same year the HIrisPlex system was released. This research explored the impact of MC1R variant 

alleles at N29insA (now rs312262906) and Y152OCH (now rs201326893), which significantly influ-

ence the probabilities of red hair. Specifically, the presence of an A allele at either N29insA or 

Y152OCH results in a red hair prediction probability of 1. This prediction is unique to these specific 

MC1R variants, indicating that these exceptionally rare alleles (in both heterozygote and homozygote 

states) are associated with individuals having a red hair phenotype (Walsh et al., 2013). 

Figure 4.51 illustrates the contribution of the SNP rs201326893. 
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The statistical reasoning is based on the genotype likelihood approach. When analysing 8 bases of 

uniformly high quality, this method indicates a 92% probability of a heterozygous site among all 10 

genotypes (Table 4.3).  

Genotype AA AC AG AT CC CG CT GG 

Posterior  
probability 1.05E-40 0.92347223 5.27E-44 5.27E-44 0.07652653 6.13E-07 6.13E-07 3.50E-47 

Table 4.3 - Genotype posterior probabilities for rs201326893 for sample SF12 at downsampling 3. In red AC genotype posterior prob-
abilities. 

Direct calling and imputation, although using a genotype likelihood model during genotype calling, 

involve a secondary recalibration step (McKenna et al., 2010; Rubinacci et al., 2021). This step ad-

justs genotypes based on allele frequencies derived from a reference panel of contemporary human 

genotypes. Given the rarity of this variant in modern humans (MAF < 0.01) (Branicki et al., 2011; 

https://www.ncbi.nlm.nih.gov/snp/), the likelihood of observing this genotype decreases, causing 

the genotype calling process to favour an alternative genotype. 

A similar discussion can be applied to the blond phenotype. For instance, in SF12 downsampling 

number 5, number 6, and number 9, the blond phenotype is associated with the GG genotype at 

Figure 4.51 - Assessment of the contribution of each HIrisPlex-S DNA variant for hair colour prediction within the model in terms of 
betas and probability (p) values. rs201326893 is circled. Extracted from Walsh et al. 2013. 
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position 33951693 on chromosome 5 (rs16891982) (whereas the SF12 high-coverage sample exhib-

its the CG genotype). Branicki's 2011 study demonstrates that the C allele is associated with the 

black phenotype, whereas the G allele (with a minor allele frequency of 0.2) is linked to a lighter 

phenotype (Branicki et al., 2011). 

4.3 I5832 sample 

For the Bronze Age sample I5832 (with an average coverage of 22.5x), the maximum coverage at the 

HIrisPlex-S positions, from which downsampling initiated, was 8x. 

The results of each specific downsampling are provided in the folder at the following link: I5835. 

4.3.1 Eye colour prediction 

The results for eye colour phenotypic inference follow the order and criteria explained in the begin-

ning of chapter 4. 

Initially, the graphs display the percentages of prediction for each phenotypic class across 10 repeti-

tions of downsampling (Figures 4.52, 4.53, 4.54, and 4.55). Subsequently, graphs illustrate the per-

centages of correct and incorrect predictions based on the phenotype considered “true”, namely 

brown eye (Figures 4.56, 4.57, 4.58, and 4.59). 

  

https://univpr-my.sharepoint.com/:f:/g/personal/silvia_perretti_unipr_it/EkN4pdq0gzBBqmQstRTyM0cBTEU24c61AFuV_VkO3Wu7og?e=OBQnTD
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• HIrisPlex-S Standard Protocol 

 

Figure 4.52 - Percentage distribution of predicted eye colour phenotypes for the I5832 sample using the HIrisPlex-S Standard Protocol 
across different sequencing coverage levels. The x-axis represents the coverage levels, while the y-axis shows the percentage of times 
each phenotype was predicted over 10 iterations. 

• HIrisPlex-S Protocol Implemented with a Genotype Likelihoods Model 

 

Figure 4.53 - Percentage distribution of predicted eye colour phenotypes for the I5832 sample using the HIrisPlex-S Protocol Imple-
mented with a Genotype Likelihoods Model across different sequencing coverage levels. The x-axis represents the coverage levels, 
while the y-axis shows the percentage of times each phenotype was predicted over 10 iterations. This graph depicts all obtained 
predictions. 
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Figure 4.54 - Percentage distribution of predicted eye colour phenotypes for the I5832 sample using the HIrisPlex-S Protocol Imple-
mented with a Genotype Likelihoods Model across different sequencing coverage levels. The x-axis represents coverage levels, while 
the y-axis shows the percentage of times each phenotype was predicted over ten iterations. A 90% threshold is applied: if a phenotype 
reaches at least 900 predictions out of 1000, it is considered the sole predicted phenotype, with only its values retained. If the threshold 
is not met, values for all phenotypes are reported. 

• Phenotypic predictions from imputed data 

 

Figure 4.55 - Percentage distribution of predicted eye colour phenotypes for the I5832 sample using imputed genotypes. The x-axis 
represents the coverage levels, while the y-axis shows the percentage of times each phenotype was predicted over 10 iterations. 

The subsequent bar graphs display the percentages of correct and incorrect phenotypic predictions 

based on the presumed true phenotype, derived from high-coverage data (Figure 4.56, 4.57, 4,58, 

and 4.59). The graphs are arranged in the following order: HIrisPlex-S Standard Protocol, HIrisPlex-S 
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Protocol Implemented with a Genotype Likelihoods Model, and phenotypic predictions derived from 

imputed data. 

• HIrisPlex-S Standard Protocol 

 

Figure 4.56 - Percentage distribution of predicted phenotypes for the I5832 sample using the HIrisPlex-S Standard Protocol across 
different coverage levels. The x-axis represents coverage levels, while the y-axis shows the percentage of times each phenotype was 
predicted over ten iterations. Correct predictions are shown in green, and incorrect predictions are shown in red, highlighting the 
model's performance. 

• HIrisPlex-S Protocol Implemented with a Genotype Likelihoods Model 

 

Figure 4.57 - Percentage distribution of predicted phenotypes for the I5832 sample using the HIrisPlex-S Protocol Implemented with a 
Genotype Likelihoods Model across different coverage levels. The x-axis represents coverage levels, while the y-axis shows the per-
centage of times each phenotype was predicted over ten iterations. Correct predictions are shown in green, and incorrect predictions 
are shown in red, highlighting the model's performance. This graph depicts all obtained predictions. 
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Figure 4.58 - Percentage distribution of predicted phenotypes for the I5832 sample using the HIrisPlex-S Protocol Implemented with a 
Geno-type Likelihoods Model across different coverage levels. The x-axis represents coverage levels, while the y-axis shows the per-
centage of times each phenotype was predicted over ten iterations. Correct predictions are shown in green, and incorrect predictions 
are shown in red, highlighting the model's performance. A 90% threshold is applied: if a phenotype reaches at least 900 predictions 
out of 1000, it is considered the sole predicted phenotype, with only its values retained. If the threshold is not met, values for all 
phenotypes are reported. 

• Phenotypic predictions from imputed data 

 

Figure 4.59 - Percentage distribution of predicted phenotypes for the I5832 sample using imputed genotypes. The x-axis represents 
coverage levels, while the y-axis shows the percentage of times each phenotype was predicted over ten iterations. Correct predictions 
are shown in green, and incorrect predictions are shown in red, highlighting the model's performance. 
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4.3.2 Hair colour prediction 

The results for hair colour phenotypic inference follow the order and criteria explained in the begin-

ning of chapter 4. 

Initially, the graphs display the percentages of prediction for each phenotypic class across 10 repeti-

tions of downsampling (Figures 4.60, 4.61, 4.62, and 4.63). Subsequently, graphs illustrate the per-

centages of correct and incorrect predictions based on the phenotype considered “true”, namely 

dark brown to black hair (Figures 4.64, 4.65, 4.66, and 4.67). 
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• HIrisPlex-S Standard Protocol 

 

Figure 4.60 - Percentage distribution of predicted hair colour phenotypes for the I5832 sample using the HIrisPlex-S Standard Protocol 
across different sequencing coverage levels. The x-axis represents the coverage levels, while the y-axis shows the percentage of times 
each phenotype was predicted over 10 iterations. 

• HIrisPlex-S Protocol Implemented with a Genotype Likelihoods Model 

 

Figure 4.61 - Percentage distribution of predicted hair colour phenotypes for the I5832 sample using the HIrisPlex-S Protocol Imple-
mented with a Genotype Likelihoods Model across different sequencing coverage levels. The x-axis represents the coverage levels, 
while the y-axis shows the percentage of times each phenotype was predicted over 10 iterations. This graph depicts all obtained 
predictions. 
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Figure 4.62 - Percentage distribution of predicted hair colour phenotypes for the I5832 sample using the HIrisPlex-S Protocol Imple-
mented with a Genotype Likelihoods Model across different sequencing coverage levels. The x-axis represents coverage levels, while 
the y-axis shows the percentage of times each phenotype was predicted over ten iterations. A 90% threshold is applied: if a phenotype 
reaches at least 900 predictions out of 1000, it is considered the sole predicted phenotype, with only its values retained. If the threshold 
is not met, values for all phenotypes are reported. 

• Phenotypic predictions from imputed data 

 

Figure 4.63 - Percentage distribution of predicted hair colour phenotypes for the I5832 sample using imputed genotypes. The x-axis 
represents the coverage levels, while the y-axis shows the percentage of times each phenotype was predicted over 10 iterations. 

The subsequent bar graphs display the percentages of correct and incorrect phenotypic predictions 

based on the presumed true phenotype, derived from high-coverage data (Figures 4.64, 4.65, 4.66, 

and 4.67). The graphs are arranged in the following order: HIrisPlex-S Standard Protocol, HIrisPlex-S 
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Protocol Implemented with a Genotype Likelihoods Model, and phenotypic predictions derived from 

imputed data. 

• HIrisPlex-S Standard Protocol 

 
 
Figure 4.64 - Percentage distribution of predicted phenotypes for the I5832 sample using the HIrisPlex-S Standard Protocol across 
different coverage levels. The x-axis represents coverage levels, while the y-axis shows the percentage of times each phenotype was 
predicted over ten iterations. Correct predictions are shown in green, and incorrect predictions are shown in red, highlighting the 
model's performance. 

• HIrisPlex-S Protocol Implemented with a Genotype Likelihoods Model 

 

Figure 4.65 - Percentage distribution of predicted phenotypes for the I5832 sample using the HIrisPlex-S Protocol Implemented with a 
Genotype Likelihoods Model across different coverage levels. The x-axis represents coverage levels, while the y-axis shows the per-
centage of times each phenotype was predicted over ten iterations. Correct predictions are shown in green, and incorrect predictions 
are shown in red, highlighting the model's performance. This graph depicts all obtained predictions. 
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Figure 4.66 - Percentage distribution of predicted phenotypes for the I5832 sample using the HIrisPlex-S Protocol Implemented with a 
Genotype Likelihoods Model across different coverage levels. The x-axis represents coverage levels, while the y-axis shows the per-
centage of times each phenotype was predicted over ten iterations. Correct predictions are shown in green, and incorrect predictions 
are shown in red, highlighting the model's performance. A 90% threshold is applied: if a phenotype reaches at least 900 predictions 
out of 1000, it is considered the sole predicted phenotype, with only its values retained. If the threshold is not met, values for all 
phenotypes are reported. 

• Phenotypic predictions from imputed data 

 

Figure 4.67 - Percentage distribution of predicted phenotypes for the I5832 sample using imputed genotypes. The x-axis represents 
coverage levels, while the y-axis shows the percentage of times each phenotype was predicted over ten iterations. Correct predictions 
are shown in green, and incorrect predictions are shown in red, highlighting the model's performance. 
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4.3.3 Skin colour prediction 

The results for skin colour phenotypic inference follow the order and criteria explained in the begin-

ning of chapter 4. 

Initially, the graphs display the percentages of prediction for each phenotypic class across 10 repeti-

tions of downsampling (Figures 4.68, 4.69, 4.70, and 4.71). Subsequently, graphs illustrate the per-

centages of correct and incorrect predictions based on the phenotype considered “true”, namely 

intermediate skin (Figures 4.72, 4.73, 4.74, and 4.75). 
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• HIrisPlex-S Standard Protocol 

 

Figure 4.68 - Percentage distribution of predicted skin colour phenotypes for the I5832 sample using the HIrisPlex-S Standard Protocol 
across different sequencing coverage levels. The x-axis represents the coverage levels, while the y-axis shows the percentage of times 
each phenotype was predicted over 10 iterations. 

• HIrisPlex-S Protocol Implemented with a Genotype Likelihoods Model 

 

Figure 4.69 - Percentage distribution of predicted skin colour phenotypes for the I5832 sample using the HIrisPlex-S Protocol Imple-
mented with a Genotype Likelihoods Model across different sequencing coverage levels. The x-axis represents the coverage levels, 
while the y-axis shows the percentage of times each phenotype was predicted over 10 iterations. This graph depicts all obtained 
predictions. 
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Figure 4.70 - Percentage distribution of predicted skin colour phenotypes for the I5832 sample using the HIrisPlex-S Protocol Imple-
mented with a Genotype Likelihoods Model across different sequencing coverage levels. The x-axis represents coverage levels, while 
the y-axis shows the percentage of times each phenotype was predicted over ten iterations. A 90% threshold is applied: if a phenotype 
reaches at least 900 predictions out of 1000, it is considered the sole predicted phenotype, with only its values retained. If the threshold 
is not met, values for all phenotypes are reported. 

• Phenotypic predictions from imputed data 

 

Figure 4.71 - Percentage distribution of predicted skin colour phenotypes for the I5832 sample using imputed genotypes. The x-axis 
represents the coverage levels, while the y-axis shows the percentage of times each phenotype was predicted over 10 iterations. 

The subsequent bar graphs display the percentages of correct and incorrect phenotypic predictions 

based on the presumed true phenotype, derived from high-coverage data (Figure 4.72, 4.73, 4.74, 

and 4.75). The graphs are arranged in the following order: HIrisPlex-S Standard Protocol, HIrisPlex-S 
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Protocol Implemented with a Genotype Likelihoods Model, and phenotypic predictions derived from 

imputed data. 

• HIrisPlex-S Standard Protocol 

 

Figure 4.72 - Percentage distribution of predicted phenotypes for the I5832 sample using the HIrisPlex-S Standard Protocol across 
different coverage levels. The x-axis represents coverage levels, while the y-axis shows the percentage of times each phenotype was 
predicted over ten iterations. Correct predictions are shown in green, and incorrect predictions are shown in red, highlighting the 
model's performance. 

• HIrisPlex-S Protocol Implemented with a Genotype Likelihoods Model 

 

Figure 4.73 - Percentage distribution of predicted phenotypes for the I5832 sample using the HIrisPlex-S Protocol Implemented with a 
Genotype Likelihoods Model across different coverage levels. The x-axis represents coverage levels, while the y-axis shows the per-
centage of times each phenotype was predicted over ten iterations. Correct predictions are shown in green, and incorrect predictions 
are shown in red, highlighting the model's performance. This graph depicts all obtained predictions. 
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Figure 4.74 - Percentage distribution of predicted phenotypes for the I5832 sample using the HIrisPlex-S Protocol Implemented with a 
Genotype Likelihoods Model across different coverage levels. The x-axis represents coverage levels, while the y-axis shows the per-
centage of times each phenotype was predicted over ten iterations. Correct predictions are shown in green, and incorrect predictions 
are shown in red, highlighting the model's performance. A 90% threshold is applied: if a phenotype reaches at least 900 predictions 
out of 1000, it is considered the sole predicted phenotype, with only its values retained. If the threshold is not met, values for all 
phenotypes are reported. 

• Phenotypic predictions from imputed data 

 

Figure 4.75 - Percentage distribution of predicted phenotypes for the I5832 sample using imputed genotypes. The x-axis represents 
coverage levels, while the y-axis shows the percentage of times each phenotype was predicted over ten iterations. Correct predictions 
are shown in green, and incorrect predictions are shown in red, highlighting the model's performance. 
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Protocol Implemented with a Genotype Likelihoods Model and the imputation workflow. Specifi-

cally, the HIrisPlex-S Standard Protocol exhibits an inaccuracy of 20% at 3x coverage, 30% at 2x cov-

erage, and 50% at 1x coverage. In contrast, the HIrisPlex-S Protocol Implemented with a Genotype 

Likelihoods Model consistently shows inaccuracies of 55% at 8x coverage, 80% at 5x coverage, and 

an average of 50% from 3x coverage to 1x coverage. The application of a 90% threshold slightly im-

proves these results. The conventional workflow for low coverage missing data shows 100% incor-

rect phenotypic predictions at all coverage levels. It is important to note that a major error in both 

the HIrisPlex-S Protocol implemented with a Genotype Likelihoods Model and the imputation work-

flow is the confusion between the dark/brown black and brown/dark brown phenotypes, which are 

both very dark phenotypic classes. 

For skin colour predictions (Figures 4.68, 4.69, and 4.71), the HIrisPlex-S Protocol with Imputed Gen-

otypes outperforms both the HIrisPlex-S Standard Protocol and the HIrisPlex-S Protocol imple-

mented with a Genotype Likelihoods Model, achieving 100% correct phenotypic inferences. In con-

trast, the HIrisPlex-S Standard Protocol shows a higher error rate, with inaccuracies peaking at 70% 

at 8x coverage, decreasing to 60% at 5x and 3x, 70% at 4x, and 50% at 2x and 1x. The rate of "not 

predicted" values ranges from 10% at 8x coverage, 20% at 5x, 4x, and 2x coverage, up to 30% at 3x 

and 1x coverage. The HIrisPlex-S Protocol implemented with a Genotype Likelihoods Model demon-

strates improved performance relative to the HIrisPlex-S Standard Protocol, with incorrect pheno-

typic predictions of 49% at 8x coverage, 30% at 5x coverage, 43% at 4x coverage, 40% at 3x coverage, 

45% at 2x coverage, and 60% at 1x coverage. The "Not Predicted" values are higher compared to the 

HIrisPlex-S Standard Protocol because some of the incorrect predictions made by the HIrisPlex-S 

Standard Protocol are classified as "Not Predicted" by the HIrisPlex-S Protocol implemented with a 

Genotype Likelihoods Model. 

4.4 General considerations 

The evaluation of phenotypic prediction methods for eye colour, hair colour, and skin colour across 

Palaeolithic, Mesolithic, and Bronze Age samples reveals several key findings.  

Generally, reconstructing eye colour phenotypes is more straightforward than reconstructing hair 

and skin colour phenotypes. This is partly because eye colour reconstruction relies on significantly 

fewer SNPs (only 6), and with just one SNP (rs12913832), it is possible to achieve a phenotypic pre-

diction with 68% probability. The CC genotype corresponds to a blue eye colour phenotype, whereas 



Robust inference of phenotypic traits from low-coverage ancient genomes 

 

109 
 

the TT and CT genotypes are strongly associated with a brown iris coloration(Kayser et al., 2008; 

Eiberg et al., 2008; Walsh et al., 2011). 

In contrast, the phenotypic prediction of hair and skin colour is much more sensitive to allelic varia-

tion, with hair colour inference being particularly challenging. This is especially true for distinguish-

ing between dark hair colour phenotypes, such as dark/brown black, brown/dark brown black, and 

black, as well as due to the significant impact that only a few SNPs can have on predicting red or 

blonde hair phenotypes (Branicki et al., 2011). 

Regarding the three methods tested, the HIrisPlex-S Standard Protocol generally demonstrates 

higher accuracy in hair colour predictions, particularly for the Bronze Age sample, but exhibits sig-

nificant errors at lower and intermediate coverage levels for eye and skin colour predictions. Specif-

ically, the method begins to lose robustness in phenotypic inference at coverage levels below 8x.  

The HIrisPlex-S Protocol with Imputed Genotypes demonstrates exceptional performance in skin col-

our predictions for the Bronze Age sample, achieving 100% accuracy; however, it consistently under-

performs in hair and eye colour predictions, especially at lower coverage levels, where it shows high 

error rates. The stability of the imputation-based method is influenced not only by sample coverage, 

where lower coverage complicates haplotype matching between the sample and the reference 

panel, but also by the age of the sample. When applied to samples with ancestry traceable to refer-

ence panels composed of modern human genomes dating from the Neolithic period onward (Hui et 

al., 2020; Sousa da Mota et al., 2023), this method proves to be relatively robust, even though it is 

computationally and time-intensive. For samples predating the Neolithic period, the method exhib-

its reduced predictive stability. 

The model developed in this thesis utilizes a probabilistic approach, incorporating all 10 possible 

genotypes along with their respective probabilities and increasing the number of phenotypic pre-

dictions to 1000, as opposed to a single prediction. This model demonstrates enhanced robustness, 

particularly in predicting eye and skin colour, exhibiting greater accuracy and lower error rates com-

pared to other methods. By implementing a 90% confidence threshold, the model significantly re-

duces errors arising from stochastic associations among genotypes with lower posterior probabilities 

and minimises the risk of erroneous predictions. Only predictions with a confidence level of 90% or 

higher are considered definitive, while those below this threshold are flagged as insufficiently cer-

tain, thus avoiding reliance on less reliable or stochastic data. This approach improves overall accu-

racy by reducing errors from less reliable predictions and still reporting lower-probability predictions 
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with indications of uncertainty. Additionally, it allows for the consideration of all possible pheno-

types that may characterize a given sample. Unlike other methods that may fail or produce incorrect 

phenotypes, the HIrisPlex-S Protocol, when implemented with a Genotype Likelihoods Model, can 

present the phenotype of interest, even at a low percentage, alongside other possible phenotypes, 

thereby providing an assessment of the reliability of the phenotypic prediction. 

Consequently, this method provides both a more robust phenotypic inference, derived from a gen-

otyping approach that accounts for call uncertainty and a greater number of phenotypic predictions 

supporting the final inference, and a warning when the phenotype cannot be determined with cer-

tainty. 

4.5 User Manual and Dataset Application 

The results obtained from the testing phase demonstrate that sample coverage significantly affects 

phenotypic predictions. The HIrisPlex-S Standard Protocol is relatively robust at medium-to-high cov-

erage levels but shows diminished predictive consistency at coverage levels of 8x or lower. In con-

trast, the phenotypic inference model developed in this thesis offers more reliable predictions at 

lower coverage levels and identifies cases where predictions may be inaccurate.  

This has led to the establishment of optimized guidelines based on the analysis of coverage across 

the 41 positions of the HIrisPlex-S system. The recommended protocol involves using the HIrisPlex-

S Standard Protocol when a coverage of at least 8x is achieved across all HIrisPlex-S positions. Oth-

erwise should be used the HIrisPlex-S Protocol implemented with the Genotype Likelihoods Model 

developed in this study. 

The following results present the application of these guidelines to a dataset comprising Eurasian 

human samples selected from the Palaeolithic period through to the Iron Age. Details of all samples 

included in the dataset are available in the supplementary materials folder at the provided link: Eur-

asian_Dataset.xlsx. 

To provide a statistically supported view of the current phenotypes during these historical periods, 

the results include only those samples that have exceeded the 90% threshold as supported by the 

new predictive method. Furthermore, given the difficulty in distinguishing dark colours for the phe-

notypic trait of hair, once the 1000 phenotypic predictions were obtained, phenotypic macro-groups 

https://univpr-my.sharepoint.com/:x:/g/personal/silvia_perretti_unipr_it/EXEYf_Vtn5VDk87oZHZB1ycBvkA7luHtDQNDQeLyqpEV8w?e=uqJJDr
https://univpr-my.sharepoint.com/:x:/g/personal/silvia_perretti_unipr_it/EXEYf_Vtn5VDk87oZHZB1ycBvkA7luHtDQNDQeLyqpEV8w?e=uqJJDr
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were identified (Table 4.5). To standardize the data, this approach was also applied to the pheno-

types of eyes (Table 4.4) and skin (Table 4.6). 

Eye phenotype colour Eye phenotypic group 

Brown Dark 

Intermediate Intermediate 

Blue Light 

Table 4.4 – Classification of eye colour phenotypes into standardized groups. 

Hair phenotype colour Hair phenotypic group 

Black 

Dark Dark brown/black 

Brown/dark brown 

Brown 
Intermediate 

Dark blond 

Blond Light 

Red Red 

Table 4.5 - Classification of hair colour phenotypes into standardized groups. 

Skin phenotype colour Skin phenotypic group 

Dark to black 
Dark 

Dark 

Intermediate Intermediate 

Pale 
Light 

Very Pale 

Table 4.6 - Classification of skin colour phenotypes into standardized groups. 

The results obtained from applying the user manual are presented chronologically, from the earliest 

to the most recent period, and are categorized according to predicted phenotypic traits. These re-

sults are illustrated with pie charts that display the percentages of each predicted phenotype. Addi-

tionally, the data are overlaid on a geographical map representing the sampling locations of the 

samples used. 
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4.5.1 Palaeolithic inference of phenotypic traits 

The total number of samples from the Palaeolithic period is 12, of which one is Ust'-Ishim sample. 

Of these 12 samples, 11 provide results for eye colour phenotypic inference (Figure 4.76), 10 for hair 

colour (Figure 4.77), and 12 for skin colour (Figure 4.78). 

 

 

 

• Eye colour phenotypes 

 

  

Figure 4.76 - Geographical Distribution of Predicted Eye Phenotypes for Palaeolithic period. The map illustrates the geographical dis-
tribution of predicted eye phenotypes across various regions. Pie charts represent the percentage distribution of eye phenotypes, with 
each segment coloured according to the phenotype (dark, intermediate, and light). The size of the pie charts corresponds to the num-
ber of samples collected at each site, as indicated by the legend in the lower right corner. 
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• Hair colour phenotypes 

 

Figure 4.77 - Geographical Distribution of Predicted Hair Phenotypes for Palaeolithic period. The map illustrates the geographical 
distribution of predicted hair phenotypes across various regions. Pie charts represent the percentage distribution of hair phenotypes, 
with each segment coloured according to the phenotype (dark, intermediate, light, and red). The size of the pie charts corresponds to 
the number of samples collected at each site, as indicated by the legend in the lower right corner. 

• Skin colour phenotypes 

 

Figure 4.78 - Geographical Distribution of Predicted Skin Phenotypes for Palaeolithic period. The map illustrates the geographical 
distribution of predicted skin phenotypes across various regions. Pie charts represent the percentage distribution of skin phenotypes, 
with each segment coloured according to the phenotype (dark, intermediate, and light). The size of the pie charts corresponds to the 
number of samples collected at each site, as indicated by the legend in the lower right corner. 
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The analysed samples from the Palaeolithic period reveal a dark phenotypic profile for all 3 traits 

under study. The sole exception is a Russian sample, Kostenki 14, dated to between 38,700 and 

36,200 years ago, which exhibits an intermediate skin colour (Seguin-Orlando et al., 2014). 

Among the analysed samples is included PM1, characterized by brown eyes, black hair, and dark to 

black skin. This prediction contrasts with the one made in the original article by Svensson in 2021, 

where PM1 was found to have an intermediate skin colour. This discrepancy is due to the predictive 

method used; the original article employed the HIrisPlex-S Standard Protocol, whereas this project 

applied the HIrisPlex-S Protocol Implemented with a Genotype Likelihoods Model. Although the 

sample is covered at the 41 HIrisPlex-S positions, the minimum coverage for the sample is 5x at 2 

positions (Svensson et al., 2021). 

Details of all samples, including information on genomic coverage at 41 HIrisPlex-S positions, the 

prediction model utilized for phenotypic inference, and the resulting phenotypic predictions, both 

those meeting and those falling below the threshold, are available in the supplementary materials 

folder at the provided link: Palaeolithic. 

4.5.2 Mesolithic inference of phenotypic traits 

The total number of samples from the Mesolithic period is 66, of which one is SF12 sample. Of these 

66 samples, 35 provide results for eye colour phenotypic inference (Figure 4.79), 63 for hair colour 

(Figure 4.80), and 53 for skin colour (Figure 4.81). 
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• Eye colour phenotypes 

 

Figure 4.79 - Geographical Distribution of Predicted Eye Phenotypes for Mesolithic period. The map illustrates the geographical distri-
bution of predicted eye phenotypes across various regions. Pie charts represent the percentage distribution of eye phenotypes, with 
each segment coloured according to the phenotype (dark, intermediate, and light). The size of the pie charts corresponds to the num-
ber of samples collected at each site, as indicated by the legend in the lower right corner. 

• Hair colour phenotypes 

 

Figure 4.80 - Geographical Distribution of Predicted Hair Phenotypes for Mesolithic period. The map illustrates the geographical dis-
tribution of predicted hair phenotypes across various regions. Pie charts represent the percentage distribution of hair phenotypes, 
with each segment coloured according to the phenotype (dark, intermediate, light, and red). The size of the pie charts corresponds to 
the number of samples collected at each site, as indicated by the legend in the lower right corner. 
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• Skin colour phenotypes 

 

Figure 4.81 - Geographical Distribution of Predicted Skin Phenotypes for Mesolithic period. The map illustrates the geographical dis-
tribution of predicted skin phenotypes across various regions. Pie charts represent the percentage distribution of skin phenotypes, 
with each segment coloured according to the phenotype (dark, intermediate, and light). The size of the pie charts corresponds to the 
number of samples collected at each site, as indicated by the legend in the lower right corner. 

The phenotypic analysis of Mesolithic samples exhibits the emergence of light phenotypes. Regard-

ing eye colour, the samples from Northern Europe, Denmark, Sweden, and Central-Western Europe, 

France, exclusively exhibit the light phenotype (11 samples), in contrast to the more eastern regions 

which instead display the dark phenotype (24 samples). It is noteworthy that Serbia, in Southeastern 

Europe, exhibits both phenotypes, with 20% blue eyes (1 sample) and 80% brown eyes (4 samples). 

Hair colour predominantly remains dark (56 samples), with the exception of 1 Swedish and 1 Serbian 

sample that show the light phenotype. Skin colour, however, displays a broader range of phenotypes: 

predominantly dark (43 samples), with regions in Europe also showing intermediate phenotypes (7 

samples from Denmark, France, Georgia, Russia, Serbia, and Spain) and light phenotypes (3 samples 

from France and Sweden). 

Among the analysed samples is included the Cheddar Man, with the only predicted phenotype being 

dark brown/black hair colour. The values for eye and skin colour did not exceed the thresholds of 

0.7 and 0.5 imposed by HIrisPlex-S. In the original publication by Brace in 2019, the sample is re-

ported to have most probably blue/green eyes, dark brown (possibly black) hair, and dark or dark to 

black skin (Brace et al., 2019). The difference here lies in the predictive method, as the original study 
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used the HIrisPlex-S Standard Protocol, whereas this project applied the HIrisPlex-S Protocol Imple-

mented with a Genotype Likelihoods Model. The Cheddar Man sample has an average coverage of 

2.14x, with 38 out of 41 HIrisPlex-S positions covered showing a minimum coverage 1x. 

The La Braña sample, with an average coverage of 1.67x, has 33 out of 41 positions covered and a 

minimum coverage of 1x. In this thesis, applying the HIrisPlex-S Protocol Implemented with a Geno-

type Likelihoods Model, it is found to have dark brown/black hair and intermediate skin. The phe-

notype for eye colour does not exceed the HIrisPlex-S threshold of 0.7. In the original study by Olalde 

in 2014, following the HIrisPlex-S Standard Protocol, the sample is reported to have dark skin, non-

brown eyes, and dark or brown hair (Olalde et al., 2014). 

Dating back to this period is the first sample exhibiting blue eyes, blonde hair, and light skin, NEO27, 

a Scandinavian HG from Sweden who lived approximately 12,000 years ago (Allentoft, Sikora, Fischer, 

et al., 2024). 

Details of all samples, including information on genomic coverage at 41 HIrisPlex-S positions, the 

prediction model utilized for phenotypic inference, and the resulting phenotypic predictions, both 

those meeting and those falling below the threshold, are available in the supplementary materials 

folder at the provided link: Mesolithic. 

4.5.3 Neolithic inference of phenotypic traits 

The total number of samples from the Neolithic period is 132. Of these 132 samples, 93 provide 

results for eye colour phenotypic inference (Figure 4.82), 120 for hair colour (Figure 4.83), and 93 

for skin colour (Figure 4.84). 
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• Eye colour phenotypes 

 

Figure 4.82 - Geographical Distribution of Predicted Eye Phenotypes for Neolithic period. The map illustrates the geographical distri-
bution of predicted eye phenotypes across various regions. Pie charts represent the percentage distribution of eye phenotypes, with 
each segment coloured according to the phenotype (dark, intermediate, and light). The size of the pie charts corresponds to the num-
ber of samples collected at each site, as indicated by the legend in the lower right corner. 

• Hair colour phenotypes 

 

Figure 4.83 - Geographical Distribution of Predicted Hair Phenotypes for Neolithic period. The map illustrates the geographical distri-
bution of predicted hair phenotypes across various regions. Pie charts represent the percentage distribution of hair phenotypes, with 
each segment coloured according to the phenotype (dark, intermediate, light, and red). The size of the pie charts corresponds to the 
number of samples collected at each site, as indicated by the legend in the lower right corner. 
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• Skin colour phenotypes 

 

Figure 4.84 - Geographical Distribution of Predicted Skin Phenotypes for Neolithic period. The map illustrates the geographical distri-
bution of predicted skin phenotypes across various regions. Pie charts represent the percentage distribution of skin phenotypes, with 
each segment coloured according to the phenotype (dark, intermediate, and light). The size of the pie charts corresponds to the num-
ber of samples collected at each site, as indicated by the legend in the lower right corner. 

The analysed samples from the Neolithic period indicate, regarding eye colour, a continued exclusive 

presence of the dark phenotype (81 samples) in the regions of Eastern Europe. This is now also ob-

served in Western Europe, including France, which previously exhibited only the light phenotype, 

and in Western Asia. There are no longer regions with an exclusively light phenotype; however, both 

phenotypes can be observed in Central-Northern and Central-Eastern Europe (the light phenotype 

is present in 12 samples from Austria, Denmark, Greece, Ireland, Latvia, Serbia, and Sweden). Hair 

colour predominantly remains dark (113 samples), with the exception of 1 sample from Austria 

showing an intermediate phenotype and 5 samples from Central-Northern and Central-Eastern Eu-

rope (Denmark, Greece, Ireland, and Serbia). Additionally, 1 sample from Turkey displays red hair. 

Skin colour phenotype remains more variable, with regions in Europe (Portugal, Italy, Germany, Es-

tonia, and Russia) and Western Asia (Iran and Turkey) exhibiting an exclusively dark phenotype, and 

regions showing either both dark and intermediate phenotypes (in 25 samples from Malta, Poland, 

Serbia, Sweden, and Ukraine) or light phenotypes (in 5 samples from Great Britain, Czech Republic, 

Sweden, and Ukraine). 
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Details of all samples, including information on genomic coverage at 41 HIrisPlex-S positions, the 

prediction model utilized for phenotypic inference, and the resulting phenotypic predictions, both 

those meeting and those falling below the threshold, are available in the supplementary materials 

folder at the provided link: Neolithic. 

4.5.4 Copper Age inference of phenotypic traits 

The total number of samples from the Copper Age period is 43. Of these 43 samples, 32 provide 

results for eye colour phenotypic inference (Figure 4.85), 34 for hair colour (Figure 4.86), and 29 for 

skin colour (Figure 4.87). 

 

 

• Eye colour phenotypes 

 

Figure 4.85 - Geographical Distribution of Predicted Eye Phenotypes for Copper Age period. The map illustrates the geographical dis-
tribution of predicted eye phenotypes across various regions. Pie charts represent the percentage distribution of eye phenotypes, with 
each segment coloured according to the phenotype (dark, intermediate, and light). The size of the pie charts corresponds to the num-
ber of samples collected at each site, as indicated by the legend in the lower right corner. 
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• Hair colour phenotypes 

 

Figure 4.86 - Geographical Distribution of Predicted Hair Phenotypes for Copper Age period. The map illustrates the geographical 
distribution of predicted hair phenotypes across various regions. Pie charts represent the percentage distribution of hair phenotypes, 
with each segment coloured according to the phenotype (dark, intermediate, light, and red). The size of the pie charts corresponds to 
the number of samples collected at each site, as indicated by the legend in the lower right corner. 

• Skin colour phenotypes 

 

Figure 4.87 - Geographical Distribution of Predicted Skin Phenotypes for Copper Age period. The map illustrates the geographical 
distribution of predicted skin phenotypes across various regions. Pie charts represent the percentage distribution of skin phenotypes, 
with each segment coloured according to the phenotype (dark, intermediate, and light). The size of the pie charts corresponds to the 
number of samples collected at each site, as indicated by the legend in the lower right corner. 
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The phenotypic analysis of Copper Age samples once again reveals a prevalence of dark eyes (26 

samples), with the light phenotype present in Denmark, Hungary, Italy, and Romania (6 samples). 

Hair phenotype remains mostly dark, with only 1 sample showing intermediate hair colour (Den-

mark) and 2 samples exhibiting light hair colour (Hungary and Romania). Skin colour is also predom-

inantly dark (17 samples) precisely in Eastern Europe, Iberian Peninsula, and Northern Europe, with 

intermediate skin tones observed in Spain, Kazakhstan, and Central Europe (7 samples from Hungary, 

Italy, the Netherlands, Poland, and Romania), while light skin colour is present in Denmark, Great 

Britain, Hungary, and Romania (5 samples). Notably, the Hungarian sample SZ1, dating back approx-

imately 3000 years, displays all three light phenotypes (Amorim et al., 2018). 

Among the samples from this period is the Tyrolean Iceman, also known as “Ötzi”, a man from ap-

proximately 5,300 years ago discovered in Val Senales (South Tyrol). The initial publication of his 

genome, dating back to 2012, reported an average coverage of 7.6x and inferred a phenotype of 

light skin and brown eyes (Keller et al., 2012). In 2023, his genome was sequenced with an average 

coverage of 13.4x, resulting in inferred phenotypes of black hair and dark skin (Wang et al., 2023). 

To infer these phenotypes, in both studies were analysed several pigmentation-associated SNPs from 

the UK Biobank GWAS. In this thesis, with a minimum coverage of 3x on the HIrisPlex-S positions, 

was applied the HIrisPlex-S Protocol Implemented with a Genotype Likelihoods Model. The pre-

dicted phenotypes included dark eyes and hair, with the skin predicted to be 60% intermediate and 

40% “Not Predicted”. 

Details of all samples, including information on genomic coverage at 41 HIrisPlex-S positions, the 

prediction model utilized for phenotypic inference, and the resulting phenotypic predictions, both 

those meeting and those falling below the threshold, are available in the supplementary materials 

folder at the provided link: Copper_Age. 

4.5.5 Bronze Age inference of phenotypic traits 

The total number of samples from the Bronze Age period is 70, of which one is I5835 sample. Of 

these 54 samples, 63 provide results for eye colour phenotypic inference (Figure 4.88), 42 for hair 

colour (Figure 4.89), and 29 for skin colour (Figure 4.90). 
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• Eye colour phenotypes 

 

Figure 4.88 - Geographical Distribution of Predicted Eye Phenotypes for Bronze Age period. The map illustrates the geographical dis-
tribution of predicted eye phenotypes across various regions. Pie charts represent the percentage distribution of eye phenotypes, with 
each segment coloured according to the phenotype (dark, intermediate, and light). The size of the pie charts corresponds to the num-
ber of samples collected at each site, as indicated by the legend in the lower right corner. 

• Hair colour phenotypes 

 

Figure 4.89 - Geographical Distribution of Predicted Hair Phenotypes for Bronze Age period. The map illustrates the geographical 
distribution of predicted hair phenotypes across various regions. Pie charts represent the percentage distribution of hair phenotypes, 
with each segment coloured according to the phenotype (dark, intermediate, light, and red). The size of the pie charts corresponds to 
the number of samples collected at each site, as indicated by the legend in the lower right corner. 
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• Skin colour phenotypes 

 

Figure 4.90 - Geographical Distribution of Predicted Skin Phenotypes for Bronze Age period. The map illustrates the geographical 
distribution of predicted skin phenotypes across various regions. Pie charts represent the percentage distribution of skin phenotypes, 
with each segment coloured according to the phenotype (dark, intermediate, and light). The size of the pie charts corresponds to the 
number of samples collected at each site, as indicated by the legend in the lower right corner. 

The analysed samples from the Bronze Age period indicate, with respect to the eyes colour, a con-

tinued prevalence of dark phenotypes throughout most of Europe and Asia (39 samples). Light phe-

notypes (15 samples), although increasing, are still primarily found in Northern and Central-Eastern 

Europe, but are also emerging in new geographical regions such as Russia, Jordan, and Kazakhstan. 

Concerning hair colour phenotype, dark phenotypes remain predominant in most of Europe and 

Asia (49 samples), with intermediate phenotypes present in 2 samples from Denmark and Hungary. 

However, there is a noted increase in light phenotypes (11 samples) in Northern Europe, Central-

Eastern Europe, and their reappearance in Italy, Russia, Jordan, and Kazakhstan. One sample from 

Greece exhibits red hair. The analysis of skin colour phenotype also shows a continued prevalence 

of dark phenotypes (22 samples), especially in Western Europe, Southern Europe, and Southern 

Asia, with an increase in intermediate phenotypes (15 samples) in Central Europe and Central-East-

ern Europe, as well as their appearance in Russia and Kazakhstan. The light phenotype, less common, 

is present in 5 samples from the Czech Republic, Denmark, Estonia, France, and Great Britain.  

During this period, there is also an increase in the co-occurrence of blue eyes, blonde hair, and light 

skin. This trend is observed in a progression from a Swedish Mesolithic sample and a Hungarian 

Copper Age sample to 4 samples: I7198 from the Czech Republic (Olalde et al., 2018), EKA1 from 



Robust inference of phenotypic traits from low-coverage ancient genomes 

 

125 
 

Estonia (Malmström et al., 2019), I2445 from England (Olalde et al., 2018), and R11105 from Italy 

(Moots et al., 2023). 

Details of all samples, including information on genomic coverage at 41 HIrisPlex-S positions, the 

prediction model utilized for phenotypic inference, and the resulting phenotypic predictions, both 

those meeting and those falling below the threshold, are available in the supplementary materials 

folder at the provided link: Bronze_Age. 

4.5.6 Iron Age inference of phenotypic traits 

The total number of samples from the Iron Age period is 25. Of these 25 samples, 15 provide results 

for eye colour phenotypic inference (Figure 4.91), 19 for hair colour (Figure 4.92), and 11 for skin 

colour (Figure 4.93).  

 

 

• Eye colour phenotypes 

 

Figure 4.91 - Geographical Distribution of Predicted Eye Phenotypes for Iron Age period. The map illustrates the geographical distri-
bution of predicted eye phenotypes across various regions. Pie charts represent the percentage distribution of eye phenotypes, with 
each segment coloured according to the phenotype (dark, intermediate, and light). The size of the pie charts corresponds to the num-
ber of samples collected at each site, as indicated by the legend in the lower right corner. 
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• Hair colour phenotypes 

 

Figure 4.92 - Geographical Distribution of Predicted Hair Phenotypes for Iron Age period. The map illustrates the geographical distri-
bution of predicted hair phenotypes across various regions. Pie charts represent the percentage distribution of hair phenotypes, with 
each segment coloured according to the phenotype (dark, intermediate, light, and red). The size of the pie charts corresponds to the 
number of samples collected at each site, as indicated by the legend in the lower right corner. 

• Skin colour phenotypes 

 

Figure 4.93 - Geographical Distribution of Predicted Skin Phenotypes for Iron Age period. The map illustrates the geographical distri-
bution of predicted skin phenotypes across various regions. Pie charts represent the percentage distribution of skin phenotypes, with 
each segment coloured according to the phenotype (dark, intermediate, and light). The size of the pie charts corresponds to the num-
ber of samples collected at each site, as indicated by the legend in the lower right corner. 
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The phenotypic analysis of Iron Age samples indicates that the dark eye phenotype (10 samples), so 

far predominant, is present in Western and Eastern Europe, while the light eye phenotype (5 sam-

ples) is found in Northern Europe, Italy, and Kazakhstan. Hair remains predominantly dark through-

out Europe and Asia (14 samples), with 1 intermediate phenotype sample in Denmark and 4 light 

phenotype samples in Denmark, Finland, Italy, and Kazakhstan. Skin colour analysis shows the dark 

phenotype (6 samples) in Eastern Europe, Asia, and Italy, the intermediate phenotype (3 samples) 

in Kazakhstan, Denmark, and for the first time in Spain, and the light phenotype (2 samples) still 

present in Northern Europe. 

In Northern Europe, there are 2 samples with blue eyes, blonde hair, and light skin: VK521 from 

Denmark (Margaryan et al., 2020) and DA236 from Finland (Sikora et al., 2019). 

Details of all samples, including information on genomic coverage at 41 HIrisPlex-S positions, the 

prediction model utilized for phenotypic inference, and the resulting phenotypic predictions, both 

those meeting and those falling below the threshold, are available in the supplementary materials 

folder at the provided link: Iron_Age. 

4.6 General considerations 

This phase of phenotypic prediction of the Eurasian dataset primarily facilitated an additional com-

parison between the HIrisPlex-S Standard Protocol and the new method developed in this thesis 

project. For instance, with regard to the Mesolithic samples La Braña and Cheddar Man, both of 

which have an average coverage around 2, the HIrisPlex-S Protocol Implemented with a Genotype 

Likelihoods Model indicates that coverage is not sufficient to predict all phenotypes. In the case of 

La Braña, eye colour cannot be predicted, while for Cheddar Man, information can only be retrieved 

concerning hair colour. An even more intriguing case is that of the Copper Age sample, Ötzi. Initial 

inferences suggested a light skin phenotype; however, recent studies report a much darker pheno-

type. The HIrisPlex-S Protocol Implemented with a Genotype Likelihoods Model developed in this 

thesis, however, issues a warning, stating that there is a 60% probability that the skin phenotype is 

intermediate, with a 40% probability of it being “Not Predicted”. This leads to the conclusion that it 

is not possible to predict Ötzi's skin colour with certainty, which could account for the discrepancy 

in skin colour between the two publications (Keller et al., 2012; Olalde et al., 2014; Brace et al., 2019; 

Wang et al., 2023). 
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Furthermore, the phenotypic analysis of Eurasian populations from the Palaeolithic to the Iron Age 

reveals a complex evolution and diversification of physical traits. While dark phenotypes were pre-

dominant for most of the examined period, light phenotypes began to emerge and spread gradually 

from the Mesolithic onward. 

Specifically, during the Palaeolithic period, samples predominantly exhibit dark phenotypic traits for 

eyes, hair, and skin, which may suggest that these populations were not yet well adapted to high-

latitude conditions, having recently migrated from lower latitudes. An exception is the Russian sam-

ple Kostenki 14, which displays intermediate skin colour. This sample shares close ancestry with Eu-

ropean Mesolithic HGs but not with East Asians (Seguin-Orlando et al., 2014). In the Mesolithic pe-

riod, light phenotypes, particularly in eye and skin colour, began to appear among HGs in Northern 

and Central Europe. These regions, associated with cold and low light conditions, suggest adaptation 

to reduced light levels, particularly among Scandinavian HGs. Supporting this, Gunther's 2018 study 

highlighted that Scandinavian populations exhibited high frequencies of low pigmentation variants, 

reinforcing the notion of adaptation to the environment (Günther et al., 2018). Notably, the first 

sample to exhibit blue eyes, blond hair, and pale skin is a Mesolithic individual from Sweden. 

In the Neolithic period, dark phenotypes for eyes, hair, and skin remain prevalent in Eastern and 

Western Europe, while Central and Northern Europe exhibit both light and dark phenotypes, with a 

decrease in the frequency of light phenotypes. This period is marked by increased phenotypic vari-

ability, reflecting the spread of agriculture and admixture between local HGs and migrating farmers 

(Olalde et al., 2014; Lazaridis et al., 2014; Gamba et al., 2014). 

During the Copper Age, dark phenotypes continue to dominate, but there is an increase in interme-

diate and light variants, particularly in Central and Northern Europe.  

In the Bronze Age, although dark phenotypes remain prevalent, there is a notable increase in light 

phenotypes in Northern and Central Europe. Light phenotypes also begin to appear in new regions 

such as Russia, Kazakhstan, and Jordan, likely associated with the eastward expansion of the Yam-

naya culture (Allentoft et al., 2015). This period is characterized by an expansion in phenotypic di-

versity, with the co-occurrence of blue eyes, blonde hair, and light skin observed in multiple individ-

uals.  

In the Iron Age, dark phenotypes for eyes and hair remained dominant, but light phenotypes are 

present in Northern Europe, Italy, and Kazakhstan. Analysis of skin colour indicates a predominance 

of dark phenotypes, with intermediate and light phenotypes emerging in Western Europe. 
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What emerges from the scientific literature is that studies of ancient human populations attempting 

to reconstruct pigmentation phenotypes indicate that Mesolithic HGs had dark skin. These recon-

structions have primarily focused on ancient individuals from Western Eurasia (Olalde et al., 2014; 

González-Fortes et al., 2017; Brace et al., 2019; Jensen et al., 2019). Populations with lighter skin 

may have arrived in Europe through Neolithic migration from the Middle East around 8,000 years 

ago (Mathieson et al., 2018), after which a significant decrease in skin pigmentation is observed. In 

contrast, Günther et al. (2018) found high frequencies of alleles for light skin in Mesolithic Scandi-

navian individuals, suggesting an early environmental adaptation to high latitudes and Ju and 

Mathieson have noted that alleles for dark pigmentation have significantly decreased in the Euro-

pean population over the past 40,000 years (Günther et al., 2018; Ju and Mathieson, 2021).  

What emerges from this thesis project, due to the expanded geographical regions under study, is 

that light phenotypes were already present during the Mesolithic period, with even a Swedish HGs 

sample exhibiting blue eyes, blonde hair, and light skin. During the Neolithic period, there is no evi-

dence of an increase in these traits; rather, there appears to be a decrease, as illustrated by France, 

which shows light traits in the Mesolithic but darker traits in the Neolithic. It cannot be excluded 

that Neolithic migration contributed to the presence of light skin in Europe, but it can be stated with 

certainty that light-skinned individuals were already present during the Mesolithic period. Thus, light 

skin in Europe might be the result of the interaction of various migratory and adaptive mechanisms, 

and a detailed molecular analysis of an increasing number of ancient samples will help clarify this 

point. 

In conclusion, the phenotypic evolution observed across Eurasian populations from the Palaeolithic 

to the Iron Age illustrates a dynamic interplay between environmental adaptation, genetic admix-

tures, and migratory movements. 
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5 CONCLUSION 

In recent years, methodological and theoretical advances in GWAS studies have led to a much deeper 

understanding of the genetics underlying many complex phenotypic traits of polygenic nature, such 

as eye, hair, and skin colour. These technological advancements have facilitated the consolidation of 

Forensic DNA Phenotyping (FDP), which allows for the prediction of phenotypic traits directly from 

DNA samples, without prior knowledge of the physical characteristics. In the field of FDP, one of the 

most widely used tools is HIrisPlex-S, designed to simultaneously predict eye, hair, and skin colour 

from DNA samples from 41 genetic loci. 

The prediction of these traits from DNA initially had implications in the field of forensic genetics, but 

in recent years it has also provided phenotypic information through the analysis of ancient human 

remains, which often present degraded and low-coverage DNA. Although the laboratory protocols 

of the HIrisPlex-S system have been validated for forensic procedures, enabling the effective han-

dling of degraded and low-coverage data, what is still lacking today is a bioinformatic validation of 

the genotype calling protocols. 

The first part of this thesis aimed to test the robustness of the HIrisPlex-S system when applied to 

low-coverage ancient data, assessing the effectiveness of common imputation methods for manag-

ing missing data in low-coverage genomes, and particularly proposing a new protocol, defined as the 

HIrisPlex-S Protocol Implemented with a Genotype Likelihoods Model, which incorporates genotype 

likelihoods to address uncertainties in genotype calling associated with low-coverage data. What 

emerges is that this method, which employs a probabilistic approach to consider all 10 possible gen-

otypes with their respective probabilities and increases the number of phenotypic predictions to 

1000 rather than a single prediction, proves to be the most robust overall when dealing with low-

coverage data. 

In addition, it enables the identification of all potential phenotypes that could characterize a given 

sample. In contrast to other methods that may fail or generate incorrect phenotypes, the protocol 

developed in this thesis project can display the phenotype of interest, even at low probabilities, 

along with other possible phenotypes, thereby informing the user about the reliability of the phe-

notypic prediction. 
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The user manual defined for making phenotypic predictions thus requires the application of the 

standard HIrisPlex-S protocol up to a minimum coverage of 8x calculated for each of the 41 positions 

of interest. From a coverage of 8x and below, it is advisable to use the method tested here.  

A future perspective for the testing phase involves replicating the entire procedure of downsampling 

and predictions on a real case to obtain direct information on the phenotypic traits of the case study, 

rather than inferring them. Additionally, it would also be of interest to test, starting from samples 

belonging to the Bronze Age onwards, a combined approach that utilizes the method developed 

here alongside an imputation approach for any missing positions. 

The second part of this thesis project involved applying this protocol to a dataset of 348 Eurasian 

individuals spanning from the Upper Palaeolithic to the Iron Age, to provide insights into the physical 

appearances of ancient populations. The emerging picture shows a complex evolution of physical 

traits, with dark phenotypes being predominant initially. Light phenotypes started emerging in Eu-

rope during the Mesolithic, especially in northern and central regions, due to adaptation to lower 

light levels. The Neolithic period saw increased phenotypic variability due to the spread of agricul-

ture and admixture between local HGs and migrating farmers. The Copper and Bronze Ages contin-

ued to exhibit dark phenotypes predominantly, but there was a gradual increase in intermediate and 

light variants, particularly in Northern and Central Europe. By the Iron Age, dark phenotypes re-

mained dominant, but light phenotypes were present in Northern Europe, Italy, and Kazakhstan, 

with a noticeable emergence of intermediate and light skin tones in Western Europe. 

aDNA studies have already attempted to reconstruct pigmentation phenotypes in ancient human 

populations. However, these reconstructions have primarily focused on ancient individuals from 

Western Eurasia, due to the relatively higher abundance of samples from European-centric studies. 

The accuracy of these predictions remains uncertain. 

In this thesis project, for the first time, a protocol is tested and then applied to perform robust phe-

notypic inference. This phenotypic inference is applied to a dataset of samples, which not only span 

a time window from approximately 45,000 to approximately 1,000 years ago (defined by the age of 

the oldest and most recent samples), but also originate from regions ranging from Western Europe 

to Asia, encompassing a total of 34 countries. 

Further molecular analyses and an increased availability of ancient data will enable a clearer identi-

fication of the complex adaptive and demographic mechanisms that have shaped Eurasian pheno-

typic diversity over the past 70,000 years, that is, the dispersal of Homo sapiens into Eurasia. 
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