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1Max

Planck Institute for Evolutionary Anthropology, Leipzig, Germany
of Genomics, University of Tartu, Tartu, Estonia
3Department of Biosystems Science and Engineering, ETH Zürich, Basel, Switzerland
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SUMMARY
Induced pluripotent stem cells (iPSCs) from diverse humans offer the potential to study human functional variation in controlled culture
environments. A portion of this variation originates from an ancient admixture between modern humans and Neandertals, which introduced alleles that left a phenotypic legacy on individual humans today. Here, we show that a large iPSC repository harbors extensive
Neandertal DNA, including alleles that contribute to human phenotypes and diseases, encode hundreds of amino acid changes, and alter
gene expression in specific tissues. We provide a database of the inferred introgressed Neandertal alleles for each individual iPSC line,
together with the annotation of the predicted functional variants. We also show that transcriptomic data from organoids generated
from iPSCs can be used to track Neandertal-derived RNA over developmental processes. Human iPSC resources provide an opportunity
to experimentally explore Neandertal DNA function and its contribution to present-day phenotypes, and potentially study Neandertal
traits.

INTRODUCTION
Protocols exist to differentiate human embryonic and
induced pluripotent stem cells (iPSCs) into many different
cell types of the human body (Williams et al., 2012).
In addition, stem cells can self-organize into complex
three-dimensional structures containing multiple cell
types that resemble human tissues (such as the brain,
liver, stomach, intestine, skin, and kidney) (Clevers,
2016). These stem cell-derived systems can be used to
explore how natural variation between human individuals impacts development, cell biology, and susceptibility
to disease (Banovich et al., 2018; Bonder et al., 2019; Carcamo-Orive et al., 2017; Kilpinen et al., 2017; Lancaster
and Knoblich, 2014). Some of the variation in presentday humans has been shown to derive from admixture
between modern and archaic hominins. Analyses of
Neandertal genomes revealed that Neandertals and modern humans interbred approximately 55,000 years ago as
the latter migrated out of Africa. As a consequence,
around 2% of the genomes of all present-day non-Africans
derive from Neandertal ancestors (Green et al., 2010; Prüfer et al., 2014, 2017). Because the segments of DNA inherited from Neandertals varies between individuals, it
has been estimated that at least 40% of the Neandertal
genome survives in people today (Vernot and Akey,
2014). Recent genome-wide association studies suggest
that the DNA relics from this admixture left a phenotypic
legacy, influencing, for example, skin and hair color,
immune response, lipid metabolism, skull shape, bone

morphology, blood coagulation, sleep patterns, and
mood disorders (Dannemann and Kelso, 2017; Dannemann et al., 2016; Gunz et al., 2019; Khrameeva et al.,
2014; Quach et al., 2016; Sams et al., 2016; Sankararaman
et al., 2014; SIGMA Type 2 Diabetes Consortium et al.,
2014; Simonti et al., 2016; Vernot and Akey, 2014). In
addition, it has been reported that Neandertal-introgressed DNA has a significant effect on gene expression
in adult human tissues possibly as a result of selection
acting on Neandertal variants in regulatory regions (Dannemann et al., 2017; McCoy et al., 2017; Petr et al., 2019;
Silvert et al., 2019; Telis et al., 2019). However, these
associations have been observed in living people or in
tissues, where there is limited opportunity for controlled
experimentation. Furthermore, there are few opportunities to study the impact of Neandertal-introgressed
DNA on developmental processes in modern humans.
The Human Induced Pluripotent Stem Cell Initiative
(HipSci) has generated and characterized a large resource
of human iPSCs with genome-wide genotype data (Kilpinen et al., 2017). Repositories, such as HipSci present an
unprecedented opportunity to identify carriers of Neandertal alleles of interest, which could be used for
controlled experiments in vitro to explore the genetic
mechanisms underlying Neandertal and modern human
phenotypes. However, there has been no detailed evaluation of Neandertal DNA composition within stem cell
resources, and it is unknown which Neandertal-introgressed alleles are available for functional testing using
such experiments.
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Figure 1. Identification of Neandertal Haplotypes in Human iPSC Lines
(A) The Human Pluripotent Stem Cell Initiative (HipSci) created and characterized induced pluripotent stem cells lines from 173 individuals with genome-wide genotype data, which we analyzed for Neandertal ancestry (Kilpinen et al., 2017). Circos plots show
Neandertal haplotype coverage across each chromosome for three individuals (top) and the entire resource (bottom) (Kilpinen et al.,
2017).
(B) Principal-component analysis on SNPs that distinguish East Asian (EAS) (dark gray), Southeast Asian (SAS) (gray), and European (light
gray) individuals suggests that each HipSci individual (teal) has a major European component to their ancestry.
(C) Boxplot shows Neandertal DNA in megabases (Mb) per individual detected in 173 HipSci individuals.
(D) The cumulative percentage of the human genome covered by Neandertal haplotypes in the HipSci resource. The percentage is also
shown for European and all non-African individuals from the 1000 Genome Project.
(E) Frequency distribution plot showing the HipSci resource partitioned by the contribution of variants found in heterozygous (lower,
black) and homozygous state (upper, gray). Highlighted are four selected SNPs (chr9:16720122, BNC2; chr4:38760338, TLR1/TLR6/TLR10;
chr12:113366899, OAS1/OAS2/OAS3; chr11:3867350, PNMA1, Table 2) tagging high-frequency Neandertal haplotypes close to genes with
phenotype associations.
(F) Neandertal DNA percentage, alleles, and haplotypes present in the HipSci resource covering the OAS locus. In this example, the gene
OAS1 contains Neandertal alleles in non-protein coding, potential regulatory regions (blue bars), and those that change the amino acid
sequence, present at a frequency of approximately 33% in HipSci individuals. Gene, promoter, and enhancer annotations are from ENSEMBL
(GRCh37, Experimental Procedures).

RESULTS
The Neandertal DNA Content in HipSci Cell Lines
We have analyzed the genome sequences from 173 individuals (mostly Europeans) within the HipSci resource and
identified the modern human and Neandertal component
of each individual’s ancestry (Figures 1A and 1B). We used
alleles in present-day humans that are shared with the Vindija Neandertal and absent in Yoruba individuals, along
with a linkage disequilibrium-based test for incomplete
lineage sorting (ILS), to identify haplotypes that are likely
of Neandertal origin. We used the Vindija Neandertal
genome to identify Neandertal haplotypes because it is
more similar to the introgressing Neandertals than the
Altai Neandertal genome, thus providing additional

power to detect haplotypes (Prüfer et al., 2014, 2017).
Based on these inferred haplotypes, we find that cumulatively 19.6% (661 Mb) of the Neandertal genome is represented in these cell lines, with between 18.7 and 30.9 Mb
Neandertal DNA per individual (Figure 1C; Tables 1 and
S1). We found that 98% of inferred haplotypes overlap
previously identified introgressed sequence and that the
cumulative amount of Neandertal DNA present in this
resource approaches the total amount that has been identified in Europeans (1000 Genomes Project Consortium
et al., 2015; Sankararaman et al., 2014; Vernot et al.,
2016) (21.3%, Figure 1D). Of the detected archaic variants,
22.1% are found in a homozygous state in at least one
cell line (Figure 1E). Some of these homozygotic variants
tag high-frequency Neandertal haplotypes close to genes
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Table 1. Breakdown of Neandertal DNA Coverage in the HipSci Resource
Average across Cell Lines (Range)

Cumulative across Cell Lines (Range)

Neandertal ancestry (bps)

22,985,635 (18,725,364–30,931,585)

607,404,493

Haplotype length (bps)

48,014 (42,613–56,968)

–

Neandertal alleles

15,845 (12,829–20,060)

205,032

Missense Neandertal alleles

59 (38–90)

719

Neandertal alleles in enhancer/promoter
regions

235 (169–340)

2,852

Neandertal PheWAS alleles

45 (29–60)

924

Neandertal GTEx eQTLs

45 (29–60)

270

Neandertal alleles showing allele-specific
expression

119 (75–176)

957

with phenotype associations, including BNC2 (associated
with skin color) (Dannemann and Kelso, 2017; Vernot
and Akey, 2014), TLR1/TLR6/TLR10 and OAS1/OAS2/
OAS3 (Figure 1F, both associate with innate immune
response) (Dannemann et al., 2016; Mendez et al., 2013;
Sams et al., 2016). We note that the addition of samples
from non-European populations would extend the amount
of Neandertal DNA that can be tested for its phenotypic
effects even further. For example, an additional 16.4% of
the Neandertal genome has been identified in east and
south Asians (1000 Genomes Project Consortium et al.,
2015), but is absent from the HipSci resource as individuals
are largely of European ancestry.
The Presence of Putative Functional Neandertal Alleles
in HipSci Cell Lines
We next analyzed the prevalence of functionally relevant
Neandertal DNA within the HipSci resource. We collected
recently published Neandertal-derived phenotype and
disease-associated alleles (Dannemann and Kelso, 2017;
Dannemann et al., 2016; Quach et al., 2016; Sams et al.,
2016; Sankararaman et al., 2014; Simonti et al., 2016)
and found that most (22/24) of the alleles that reached
genome-wide significance are present in the resource in
more than 1 iPSC line (Figure 2A; Table 2). These alleles
are associated with a variety of processes, including digestive function, nutrition, skin color, coagulatory protein
production, and immune response. In addition, we identified hundreds of alleles that alter amino acids, are expression quantitative trait loci (eQTL) (Dannemann et al.,
2017), or show allele-specific expression (McCoy et al.,
2017) (Table S1). We performed a power analysis to determine how many Neandertal-associated eQTLs are present
in a set of randomly sampled lines from the HipSci
resource. As an example, we find that 50 HipSci lines
chosen at random will allow the interrogation of approxi216 Stem Cell Reports j Vol. 15 j 214–225 j July 14, 2020

mately 310 Neandertal-associated eQTLs with each site
represented in at least 5 cell lines (Figures 2B, 2C, and S1).
We note that each Neandertal allele present in the
HipSci resource exists in a primarily modern human background. However, in each individual many Neandertal alleles co-occur (Figure 2D). For example, in the HipSci
resource, one of the Neandertal alleles at the OAS1 locus
(chr12:113425154, Figure 1F), a locus with the highest
Neandertal frequencies in present-day humans (Mendez
et al., 2013; Sams et al., 2016), is paired with 90% of the
other introgressed Neandertal alleles in at least one cell
line. It may thus be possible to leverage such co-occurrences to study epistatic interactions among Neandertal
alleles. Given a large sample size, one could, for example,
test for differences in gene expression or immune phenotype associations of OAS1 in the presence of other
immune-related Neandertal alleles. Restricting to such
interactions may reduce the search space enough to
make ‘‘NxN’’ epistasis a more tractable problem than the
identification of more general epistatic interactions (Huang
et al., 2013).
Association of Neandertal variants with gene expression
and phenotype variation were conducted in cohorts
mostly of European ancestry, a bias present in many
genome-wide association analyses (Mills and Rahal,
2019; Sirugo et al., 2019); therefore, our knowledge of
the functional potential of Neandertal DNA is limited to
variants that are on average at increased frequencies in
European populations (Figures 2E and 2F). In addition,
as iPSC resources continue to expand to include individuals from other non-European populations, it will not
only become possible to explore the phenotypic contribution of Neandertal DNA enriched in those populations,
but also study alleles derived from other archaic hominins, such as Denisovans (Meyer et al., 2012), a distant
Asian relative of Neandertals that made even larger
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Figure 2. The HipSci Resource Harbors Extensive Functionally Relevant Neandertal DNA
(A) The frequency of single nucleotide changes introgressed from Neandertals that have significant associations with human disease
phenotypes (Simonti et al., 2016), with select associations highlighted in teal.
(B) Barplots illustrating the number of iPSC lines that contain each Neandertal-associated eQTL (y axis sorted by frequency of alleles in
HipSci), from the GTEx dataset present in the HipSci resource, colored by tissue and by homozygous (dark) or heterozygous (light).
Neandertal-associated eQTLs in the brain represent the pool of Neandertal-associated eQTLs that are found in at least one of the 13 GTEx
brain tissues.
(C) A power analysis shows the average of how many Neandertal eQTLs are present in at least a certain number of cell lines (color) out of a
random sample of X lines (x axis) from the HipSci resource (grey). The range across the random samplings is shown in respective colors for
each number of lines.
(D) Plot showing the co-occurrence of Neandertal alleles within individuals. The frequency of each Neandertal allele is plotted against the
proportion of all other Neandertal alleles with which it co-occurs in the HipSci resource. For example, an OAS1 Neandertal-derived allele is
found at relatively high frequency (0.33, and present in 53% of all individuals) in the HipSci resource and is therefore paired with the
majority of other Neandertal alleles.
(E) Inferred Neandertal haplotypes in the 5 European (light blue, total of 505 individual) and 10 Asian (dark blue, total of 1,009 individuals) populations of the 1000 Genomes Project (1000 Genomes Project Consortium et al., 2015) recovered 21.3% and 33.5% of the
Neandertal genome in Europeans and Asians, respectively.
(F) Barplots show the presence of putative functional Neandertal variants at frequencies greater than 5% in the HipSci cohort as well as
1000 Genomes European and Asian populations (allele-specific expression [ASE]). We found that amino acid-modifying variants were
slightly more prevalent in Asian populations, consistent with the higher amount of recovered Neandertal DNA in that population. However,
other functional variants derived from association studies with gene expression and phenotype data were more often found in Europeans
and the mostly European HipSci individuals, consistent with a detection bias inherited from the association analyses that were conducted
in cohorts with a mostly European ancestry.
See also Figure S1.
genetic contributions to present-day people in parts of
Oceania (Qin and Stoneking, 2015; Sankararaman et al.,
2016; Vernot et al., 2016). We provide a database of the inferred introgressed Neandertal alleles for each of the 173
HipSci resource individuals together with the annotation
of the predicted functional variants, which can be accessed at https://bioinf.eva.mpg.de/stemcellbrowser (Fig-

ure 3; for more information see description in the Supplemental Information). The website contains information
about the presence of Neandertal variants for each individual with a link to those variants that modify the
protein sequence or have previously been associated
with effects on gene expression and disease and nondisease phenotypes. Furthermore, for each variant the
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Table 2. Prevalence of Phenotype-Associated Neandertal Alleles in the HipSci Resource
Publication

Phenotype

Neandertal Allele Frequency in
HipSci Resource (%)

tag SNP

Sankararaman et al., 2014

smoking behavior

11.3

chr9:136478355

Crohn disease

26.6

chr10:64415184

optic disc size

4.9

chr10:70019371

Crohn disease

1.2

chr12:40601940

Dannemann et al., 2016

allergy susceptibility
H. pylori status

17.9

chr4:38760338

Simonti et al., 2016

hypercoagulable state

0.6

chr1:169593113

protein-calorie malnutrition

5.5

chr1:234099819

tobacco use disorder

0.3

chr3:10962315

symptoms involving urinary system

10.7

chr11:3867350

Quach et al., 2016

pathogen response

16.2

chr14:74152316

Sams et al., 2016

pathogen response

32.9

chr12:113366899

Dannemann and Kelso, 2017

chronotype

11.3

chr2:239316043

hair color

0

chr6:503851

skin color

9

chr6:45553288

pulse rate

1.7

chr6:121947984

65.6

chr9:16720122

skin color

7.2

chr9:16904635

sitting height

4.9

chr10:70019371

narcolepsy

0.6

chr10:94574048

skin color

2.9

chr11:89996325

hair color

5.2

chr14:92793206

22.3

chr15:85114447

0

chr16:89947203

20.2

chr19:31033240

skin tanning

impedance of leg
hair color
height at age 10

information of which cell line carries it is displayed and is
designed to provide a practical resource to query the
HipSci for available cell lines to study the effects of individual variants.
Using HipSci Cell Lines to Model Neandertal DNA
Activity in the Developing Brain
We next wanted to indicate the potential of resources,
such as the HipSci to explore Neandertal DNA activity.
Previous comparative RNA sequencing (RNA-seq) expression analysis across the HipSci lines in a pluripotent state
identified 76 significant eQTLs (false discovery rate
[FDR] < 0.05) (Kilpinen et al., 2017) that are tagged by
an SNP that is defining a Neandertal haplotype. We find
218 Stem Cell Reports j Vol. 15 j 214–225 j July 14, 2020

that between 0% and 29.6% of these iPSC eQTLS are significant eQTLs in 48 GTeX adult tissues (p < 0.01, Figure S2) (Dannemann et al., 2017). The brain is of particular interest since previous studies have shown that
Neandertal alleles are downregulated in the brain (McCoy
et al., 2017) and there is significant contribution of
Neandertal variants to neurological and behavioral phenotypes (Dannemann and Kelso, 2017; Simonti et al.,
2016). We find that the overlap of iPSC eQTLs with the
13 brain tissues was particularly low (0%–15.4%, comparison of overlap brain versus other, p = 0.001, Mann-Whitney U test). Among the 105 Neandertal eQTLs in cortex
tissues and 79 in HipSci only 3 are shared. These data
highlight that relevant brain cell states need to be

Figure 3. Overview of the Stem Cell Resource Browser
Screenshots showing pages of the Neandertal Stem Cell Resource Browser (A). The website contains information about the presence of
Neandertal variants for each individual in the HipSci resource (B,D) with a link to those variants that modify the protein sequence or have
previously been associated with effects on gene expression and disease and non-disease phenotypes (B,C). The information of which cell
lines carries the variant is displayed, and is designed to provide a practical resource to query the HipSci for available cell lines to study the
effects of individual variants.
differentiated from iPSCs in order to study brain-related
Neandertal alleles.
Recently, 2-month-old cerebral organoids from seven
pluripotent stem cell lines (including four HipSci lines)
were analyzed using single-cell RNA-seq (Kanton et al.,
2019). These organoids were composed of progenitors
and neurons from the dorsal (cortex) and ventral forebrain,
midbrain, and hindbrain, and the single-cell data could be
used to reconstruct progenitor-to-neuron differentiation
trajectories with the forebrain regions (Figures 4A–4C and

S3). Intriguingly, we find that Neandertal RNA molecules
transcribed from within Neandertal DNA haplotypes can
be tracked over developmental processes. For the HipSci
lines, 763 genes have transcribed sequences that overlap
a Neandertal haplotype and have a Neandertal-informative
variant in their transcript in at least one of the individuals
(Figures 4D and 4E). Of these genes, we detect Neandertalintrogressed RNA from 535 genes, and many of these genes
have a dynamic expression pattern as progenitor cells
differentiate into neurons in the developing human cortex
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Figure 4. Tracking RNA from Neandertal-Introgressed Haplotypes during Cortex Development
(A) Overview of analysis using single-cell RNA sequencing (scRNA-seq) data from cerebral organoids from multiple individuals with wholegenome genotype data. Schematic and immunohistochemistry show the structure of cortical-like regions within cerebral organoids. Radial
glial (RG), intermediate progenitor (IP), and neuronal (N) (Mora-Bermúdez et al., 2016) cells were extracted from the organoid scRNA-seq
data, and used to identify correlated gene expression patterns during cortical neuron differentiation. scRNA-seq data is from Kanton et al.
(2019), and stainings are from Mora-Bermúdez et al. (2016).
(B) SPRING reconstruction based on organoid scRNA-seq data from seven individuals (including four HipSci iPSC lines), with clusters
colored by cell types. All subsequent analysis was based on RGCs, IPs, and neurons in the cortical trajectory.
(C) A correlation network (knn, k = 70) using 7,349 genes (gray) that highly correlate in expression (r > 0.6) with transcription factors that
have been shown to regulate progenitor proliferation/self-renewal and neuron differentiation (Camp et al., 2015) is shown with transcription factors that represent individual cell-type-specific expression colored (orange, RG; green, IP; blue, N).
(D) Based on the reads from the scRNA-seq that overlap informative positions we are able to classify the reads as ‘‘Neandertal’’ or ‘‘modern
human’’ depending on the observed allele at these sites. Plot shows the distribution of the number of reads with Neandertal informative
variants across chromosome 1 from scRNA-seq data from organoids from four HipSci lines. Reads assigned to KIFAP3 and POU2F1, two
genes that are part of the gene expression correlation network shown in Figure 3, are highlighted. POU2F1 and KIFAP3 show the highest
expression in progenitors and neurons, respectively.
(E) Number of reads covering Neandertal-informative variants which shows differences in their genotype between the 4 HipSci individuals
for 535 genes. Bars representing genes with an expression difference of at least 2-fold between progenitors and neurons are highlighted in
light pink (larger expression in progenitors) and dark pink (larger expression in neurons). Genes with no expression differences are shown
in gray.
(F) Gene models for KIFAP3 and POU2F1 are shown together with the locations of the Neandertal-informative SNPs, rs4519 and rs1059761,
in the corresponding 30 UTRs of these genes. The lower panel shows inferred Neandertal haplotypes in the four HipSci individuals overlapping chr1:167,000,000-170,000,000.
(G and H) Spline-interpolated gene expression trajectories across pseudotime for four HipSci cell lines for POU2F1 (G) and KIFAP3 (H). Cell
lines with a chromosome carrying Neandertal haplotypes overlapping KIFAP3 and POU2F1, respectively, are labeled with ‘‘NT.’’ Barplots
(legend continued on next page)
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(Figures 4F–4J). Most of these Neandertal-like RNAs are specific to one of the four HipSci individuals. Together, these
data suggest that iPSC-derived organoids from diverse
individuals could be used to track Neandertal-derived
RNA molecules during cellular differentiation and other
developmental processes.
We next used the cortical single-cell transcriptome data
to build a gene correlation network to understand which
functional Neandertal alleles could be studied in iPSCderived cerebral organoids. The network identified genes
with dynamic expression patterns across progenitor-toneuron differentiation trajectories in the developing cortex
(Figure 4C). We find that, of these 7,349 genes, 1,777 overlap a Neandertal haplotype in the HipSci resource with
many of these haplotypes containing potentially functional features (e.g., amino acid changes, phenome-wide
associations, cortex eQTLs) (Figure 4K). Notably, we identified homozygotic carriers in the HipSci resource for 37%
(59 of 173 amino acid changes, 13 of 26 cortex eQTLs,
and 4 of 6 phenome-wide association variants) of these
putative functionally relevant alleles (Table S1). We note
that cortical neurons within 2-month-old organoids are
immature, but still have strong similarity to adult excitatory neurons (rho = 0.75, Spearman’s correlation, Figures
S3 and S4). We find that 21% of genes linked to previously
described Neandertal-associated eQTLs in brain cortex tissues (Dannemann et al., 2017) are detected in both adult
excitatory neurons and organoid-derived neurons, with
41% and 23% being detected in adult or organoid cortical
neurons, respectively. Altogether, this analysis identifies
the putatively functional Neandertal alleles that could be
studied in brain organoids using the HipSci resource.
Perhaps even more intriguing are the expressed cortical
genes that are located in genomic regions with no overlapping Neandertal haplotype in the HipSci resource. Some of
these loci are completely devoid of any Neandertal introgression in any present-day individual sequenced to date
(so-called deserts) or contain amino acid changes that are
fixed or nearly fixed in all present-day humans and ances-

tral in Neandertals and the Denisovan (Figures 4D and S4).
These genes could represent exciting candidates to use
CRISPR/Cas gene editing to study the effect of the ancestral
or Neandertal-specific alleles on cortex development.

DISCUSSION
Our analysis suggests that the HipSci and potentially other
existing stem cell resources (e.g., http://hub4organoids.eu/
or iPSCORE [Panopoulos et al., 2017]) can be used to systematically explore Neandertal allele function in diverse
cell types differentiated in controlled culture environments, including the previously unexplored study of developmental processes. Improved methods to generate efficient and homogeneous-engineered cells and tissues from
stem cells, together with high-throughput single-cell
sequencing approaches, will make such experiments tractable in the near future. A major challenge in using iPSCs
to study Neandertal alleles is that the genetic background
must be considered when comparing differences between
individuals, and many individuals are required to identify
new eQTLs de novo. Often, several eQTLs are found to be
associated with the same gene; and since Neandertal alleles
are rare, they often appear as heterozygous in any given
individual, limiting the power to detect associations with
gene expression and other phenotypes. However, heterozygosity can provide a powerful opportunity to study the
Neandertal contribution to allele-specific expression
(McCoy et al., 2017), and our analysis highlights that
allele-specific expression could be studied over developmental processes and in controlled environments using
stem cells. To saturate Neandertal homozygote diversity,
stem cell resources of thousands of individuals from multiple populations would be required. Nevertheless, stem cell
resources allow for a pre-selection of cell lines based on the
presence of particular variants and provide a dataset that
could maximize the power for phenotype associations.
Complementary approaches to create isogenic lines that

show the fraction of reads for each cell line carrying at the Neandertal-informative position the modern human (gray) and Neandertal
(black) variants.
(I and J) The top panel shows the expression of all kucg cells for POU2F1 (I) and KIFAP3 (J) and whether cells have reads assigned that carry
a Neandertal variant (black), a human variant (gray), both Neandertal and human variants (brown), or have no reads carrying Neandertalinformative variants (light grey). The bottom two panels highlight the cells with human-only (gray) or Neandertal-only reads.
(K) Cortical gene correlation network. Left: 1,777 genes (24% of network genes) with overlapping Neandertal haplotypes in the HipSci
individuals are colored in beige. Middle: subset of genes with overlapping Neandertal haplotypes in HipSci that carry Neandertal variants
that are potentially functional, including eQTLs in cortical brain regions that are linked to a Neandertal haplotype in GTEx (Dannemann
et al., 2017), variants that change the amino acid sequence, and variants that have been associated with clinical phenotypes (Simonti
et al., 2016). Right: among the genes without overlapping Neandertal haplotypes in the HipSci are 81 genes that are located in desert
regions devoid of Neandertal ancestry (Vernot et al., 2016) and 33 genes with fixed human-derived amino acid substitutions (Prüfer et al.,
2014).
See also Figures S2–S4.
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have human alleles Neandertalized on both chromosomes
(Pääbo, 2014) will help control for genetic background.
However, eQTLs frequently are found to be in high linkage
disequilibrium with other genetic variants, complicating
the prediction of the causal variant. This problem is particularly important for Neandertal variants, which, due to the
divergence between modern humans and Neandertals and
the time of admixture, come on haplotype blocks with
many genetic variants per block and it is difficult to predict
which genetic change is functional. The growing number
of new genomes from archaic humans are continuously
providing profound new insights into the history of modern human evolution and further helps us to understand
how admixture still shapes the genomes of people living
today (Browning et al., 2018; Hajdinjak et al., 2018; Slon
et al., 2018). In the future, as stem cell resources continue
to grow, it will be exciting to search for functional hominin
alleles handed down from other archaic populations,
such as Denisovans. Our vision is that the merging of
archaic genomics with stem cell technologies will provide
a new avenue to explore the functional consequences
of genetic variants contributed by archaic hominins to
present-day humans.

EXPERIMENTAL PROCEDURES

due to two evolutionary processes: first, ILS, a phenomenon where
parts of the genome do not fit the genome-wide phylogeny, can
result in allele sharing, in this case between non-Africans and Neandertals, but not Africans. These alleles are part of haplotypes that
are shared with the common ancestor of Neandertals and modern
humans. A second scenario that is consistent with the sharing of
alleles between Neandertals and non-Africans is admixture between them. While the allele-sharing features are similar between
both processes, they differ in one important aspect. Due to the
rather recent admixture between Neandertals and modern humans 55,000 years ago, the haplotypes that these shared alleles
exist on are substantially longer (Sankararaman et al., 2012). To
exclude that our inferred haplotypes are a result of ILS, we
computed the probability of them being compatible with ILS based
on the algorithm presented by Huerta-Sánchez et al. (2014) and the
age of the divergence to Neandertals of 465,000 years used in (Dannemann et al., 2016), a conservative estimate of the human mutation rate (mu = 1 3 108 per site per generation) and two recombination maps (Hinch et al., 2011; Kong et al., 2010). The resulting p
values were corrected for multiple testing using the BenjaminiHochberg approach. We included haplotypes with an FDR < 0.05
for ILS for at least one of the recombination maps, or if no recombination map data were available, inferred haplotypes with a
length greater than 50 kb or at least 10 consecutive aSNPs with
an Neandertal allele to our analyses. All inferred haplotypes for
each cell line are available at https://bioinf.eva.mpg.de/
stemcellbrowser. We applied the method to the genotype data
for 173 individuals of the HipSci resource and all non-Africans of
the 1000 Genomes project (phase III).

Principal-Component Analysis on HipSci Lines
To infer the genetic relationship between the HipSci individuals and
present-day people, we performed a principal-component analysis
using polymorphic sites in 1000 Genomes Eurasians (1000 Genomes
Project Consortium et al., 2015) that show large population differentiation between Europeans and Asians (Fst > 0.5). Population differentiation was calculated based on Fst, using the Weir and Cockerham
calculation implemented in vcftools (Danecek et al., 2011) and 100
unrelated Asians and Europeans each in the 1000 Genomes panel.
While the HipSci resource contains non-European individuals,
almost all of the individuals with genotypes clustered with Europeans from the 1000 Genomes panel (Figure 1B).

Detection of Neandertal Haplotypes
To define Neandertal haplotypes, we first identified a set of SNPs
where one allele is likely of Neandertal origin. These Neandertal
SNPs (aSNPs) have one allele that is (1) present in the genomes
of the Vindija Neandertal (Prüfer et al., 2017) and (2) present in
1000 Genomes Project (phase III) Eurasian populations, but (3) absent from Yoruban, an African population with little to no Neandertal admixture (1000 Genomes Project Consortium et al.,
2015). To detect putative Neandertal haplotypes we scanned for
consecutive stretches of aSNPs in the genomes of the cell lines
where the individual carries the Neandertal-shared alleles, with
continuous SNPs located not more than 20,000 bps from one
another. To define a Neandertal haplotype we required a consecutive stretch of at least three Neandertal alleles across their corresponding successive aSNPs. The sharing of such alleles can occur
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Detection of Neandertal Missense, Regulatory, and
Phenotype-Associated Variants
We identified putatively functional Neandertal alleles that overlap
confidently inferred Neandertal haplotypes (see section ‘‘Detection of Neandertal Haplotypes’’) in the cell lines by detecting those
that alter the protein or regulatory sequence of a gene. First, for the
detection of Neandertal alleles that modify the protein sequence,
we selected all Neandertal alleles within confidently inferred Neandertal haplotypes detected in any cell line and annotated them
functionally using the variant effect predictor (VEP, human Ensembl version 73). We selected those alleles that were defined as
‘‘missense’’ by VEP. Second, we annotated Neandertal alleles likely
to be involved in gene regulation by overlapping them with three
datasets: (1) enhancer and promoter regions are inferred from open
chromatin assays (DNase-seq), histone modification assays, and
transcription factor binding assays (chromatin immunoprecipitation sequencing) from various cell types provided by the Ensembl
Regulatory Build (version GRCh37, 20161117) (Zerbino et al.,
2015), (2) significant eQTLs in the GTEx dataset (Dannemann
et al., 2017), and (3) allele-specific expression (McCoy et al.,
2017). For (1) we identified aSNPs with the Neandertal alleles
directly overlapping with a regulatory motif. For (2) we selected
the inferred Neandertal haplotypes with the top 20 most significant eQTLs in each of the 48 GTEx tissues with more than 50 individuals (GTEx Consortium et al., 2017) and required to have at
least one aSNP to be present in a given Neandertal haplotype
and iPSC individual, resulting in a total of 409 such Neandertal

haplotypes. For (3) we selected all Neandertal alleles that have been
identified to show allele-specific expression (FDR < 0.1). Third, we
selected Neandertal alleles that have previously been associated
with specific disease and non-disease phenotypes in modern humans. We selected all 925 aSNPs with significant phenotype associations detected by Simonti et al. (2016). We further selected multiple additional significant phenotypes associations for Neandertal
alleles (Table 2) (Dannemann et al., 2016; Dannemann and Kelso,
2017; Quach et al., 2016; Sams et al., 2016; Sankararaman et al.,
2014).

Power Analysis
The ability to study a particular Neandertal variant depends both
on its effect size and its frequency within a given sample of individuals or cell lines. We cannot control the effect size, but one can—
within reason—control the number of samples considered. Larger
sample sizes allow more variants to be studied, but may offer diminishing returns. To determine the power of studies of certain
sample sizes, we considered how many Neandertal variants would
be present at particular frequency thresholds, as an effect of sample
size. For each category of Neandertal allele (eQTL, amino acid
change, etc.), we subsampled X cell lines, and counted the number
of Neandertal variants present at least z times, for values of z = (1, 5,
10, 15, 20). This subsampling was repeated 100 times for all values
of x and z. We plotted the average number of Neandertal variants
present at a particular rate on the y axis. Each possible value of z is
given a different color, and the range of values over 100 resamplings was shown as colored confidence intervals. For example,
given a sample of 50 random cell lines, 62% of the 501 Neandertal
eQTLs in the HipSci resource are present in at least 5 cell lines, and
92% are present in at least 1 cell line.

Browser with Neandertal Haplotypes for HipSci
Resource
We provided a database of the inferred introgressed Neandertal alleles for each of the 173 HipSci resource individuals, which can be
accessed at https://bioinf.eva.mpg.de/stemcellbrowser. We combined these alleles with further annotations from several external
genomic databases and functional annotations of introgressed alleles. The browser layout was inspired by the browser of the Exome
Aggregation Consortium.

HipSci and GTEx eQTLs
We have identified 76 of the 7,229 significant eQTLs (FDR < 0.05)
in the HipSci iPSC expression data that are tagged by an SNP that is
linked to a Neandertal haplotype (Kilpinen et al., 2017). We have
then queried which of these haplotypes have been linked to a significant eQTL in any of 48 GTEx tissues as well (p < 0.01) (Dannemann et al., 2017). Between 0% and 29.6% of the iPSC eQTLS that
are linked to a Neandertal haplotype are significant eQTLs in 48
GTeX adult tissues as well (Figure S2).

ufacturer’s instructions. The reads and expression data, together
with cell type annotations and projection coordinates from
2-month-old cerebral organoids from seven individuals (four of
which were lines from the HipSci resource) were acquired from
Kanton et al. (2019). Extensive details on cell type annotation
and data analysis can be found in the primary publication. For
the four HipSci lines, we note that organoids were dissociated
for all four HipSci cell lines and pooled at equal ratios to be loaded
on one lane of the microfluidic device aiming for 10k cells. The
data were then demultiplexed based on analysis of single nucleotide polymorphisms detected in the single-cell RNA-seq reads.
Diffusion mapping (implemented in R package destiny) (Angerer
et al., 2016) was applied to the cortical cells from each of the four
HipSci iPSC lines using default settings, with the expression levels
of the highly variable genes as the input. The ranks in diffusion
component 1 were used as the pseudotimes. We have calculated
gene expression correlation networks using 7,349 genes that
correlate strongly (r > 0.6) with transcription factors that have
previously been reported to be involved in the regulation of progenitor proliferation and neuron differentiation (Camp et al.,
2015). Based on the correlation expression patterns we have
generated knn networks (k = 70) using the igraph R package (Figures 4C and 4K). To classify reads as ‘‘Neandertal’’ or ‘‘modern human’’ we have selected genomic position overlapping KIFAP3 and
POU2F1 for which the four HipSci cell lines differ and that are
informative for the existence of a Neandertal haplotype (rs4519
and rs1059761). Using samtools (Li et al., 2009) we have extracted reads that overlap these positions and partitioned them
based on whether the Neandertal allele was present or not. We
have then classified cells in which KIFAP3 and POU2F1 were detected into four groups: (1) those with reads with and without
the Neandertal allele, (2) only reads the Neandertal allele, (3)
only reads with the modern human allele, and (4) no informative
reads (Figures 4G–4J). Based on the reads from the single-cell
RNA-seq that overlap informative positions we are able to classify
the reads as Neandertal or modern human depending on the
observed allele at these sites. We calculated relative expression
differences between progenitors and neurons for genes that carry
Neandertal-informative reads (Figure 4E). For this analysis we
defined all cells in the lower 30% of pseudotime as progenitors
and cells in the upper 30% as neurons and computed the ratios
between the mean expression in each cell type. Single-nuclei
RNA-seq data, including cell type annotations and projection coordinates from adult human prefrontal cortex were acquired from
Kanton et al. (2019) without modification. Plots were generated
using the ggplot2 (Wilkinson, 2011) and Seurat (Butler et al.,
2018) R packages.

Data and Code Availability
We have provided the raw and processed data, as well as extensive
metadata to the Human Cell Atlas Data Coordination Platform
(HCA-DCP) as well as to ArrayExpress (E-MTAB-7552).

Single-Cell and Single-Nuclei Transcriptome Data
Analysis

SUPPLEMENTAL INFORMATION

Cerebral organoid single-cell RNA-seq data were generated
using the 10X Chromium Single Cell 30 v.2 Kit following the man-

Supplemental Information can be found online at https://doi.org/
10.1016/j.stemcr.2020.05.018.
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