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Outline

In our study of germ cell differentiation, we applied two recently developed 
technologies on the germline of various model organisms: single-cell mRNA sequencing 
and RNA-tomography. Harnessing the unparalleled sensitivity of these novel approaches, 
we discovered new genes, described unknown localization and dynamics of gene 
expression, and by using allele-specific analysis, we predicted and validated unexpected 
epigenetic transitions.

In Chapter 1 I introduce the relevant biology and technology addressed in the 
following chapters. From the biological aspect, I introduce the soma-germline distinction 
and sexual reproduction, the defining purpose of germline. I address relevant key 
aspects of germ cell biology and the differences between the male and female germline. 
Next, I introduce meiosis, a cell division intimately linked to germ cell maturation. And 
finally, I address the special role of sex chromosomes during germ cell differentiation. I 
subsequently introduce experimental and computational tools utilized in this work. 

In Chapter 2 we combined parental haplotype reconstruction with single-cell 
mRNA sequencing to quantify how allele-specific gene expression changes in the female 
human germline during fetal development. First of all, by combining embryonic and 
maternal exome sequencing, we reconstructed the paternal haplotype and identified 
point mutations that distinguish the maternal and paternal genomes in the fetus. Next, 
we used this information to assign single mRNA molecules to either parental allele. By 
doing this, we found incomplete X-chromosome reactivation and incomplete erasure of 
imprints up to the second trimester, which follow markedly different dynamics. We finally 
validated our findings of incomplete erasure by locus-specific methylation sequencing.

In Chapter 3 we applied high-throughput single-cell mRNA sequencing and 
pseudotemporal reconstruction to study meiotic entry and meiosis I in male germ cells in 
mice. We combined an array of pseudotemporal reconstruction methods, which allowed 
us to study how spermatogonia enter and proceed through the prophase I. Due to the non-
homologous XY genotype of males, gene expression from sex chromosomes could directly 
be assigned to single chromosomes. We found that sex chromosomes undergo meiotic 
silencing in a sequential order, which appeared to correlate with gene function, but not 
with chromosomal position. Finally, we found that genes in pachytene are activated at 
different times, and these groups of genes can be mapped to different anatomical parts of 
the mature sperm, thus also corresponding to different functions.
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In Chapter 4 we describe a genome-wide atlas of gene expression along the 
anterior-posterior body axis of C. elegans. Making use of the invariant and linear anatomy 
of C. elegans, we applied RNA tomography to study gene expression at a higher sensitivity 
than what is currently available with single-cell technologies. By combining experimental 
and computational approaches, we discovered and validated sex-specific differences in 
the germline, and we deconvolved gene expression from single pairs of male-specific 
neurons in ganglia of head.

In Chapter 5, I provide a summarizing discussion of the work presented in this 
thesis.
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“Science is like sex:  
sure, it may give some 
practical results, but 
that’s not why we do it.” 

Paraphrased from 
Richard Feynman
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Introduction

Biology

Cells of the body
Our bodies are built up from cells, which are regarded as the unit of life (Schleiden 

1849). The human body is estimated to have 3.72 × 1013 (or 37200000000000) cells 
(Bianconi et al. 2013), composed of hundreds of cell types, a number that is hard 
to estimate (Clevers et al. 2017). From the point of evolution, complex multicellular 
organisms are composed of two kinds of cells: the cells of the germline and cells of the 
soma (Weismann 1892). The germline is responsible for accurately transmitting genetic 
information to the next generation, and makes up the gametes: the egg, the sperm, 
and their respective progenitors (W. W. C. Tang et al. 2016). The soma (coming from the 
ancient Greek word σῶμα / soma) makes up the rest of the body and it is responsible for 
the survival of the organism while it ensures the success of the germline. While most of 
our body is composed of differentiated cells with distinct functions, germ cells are often 
found in various stages of development. While mature cells be classified into cell types, 
continuously changing germ cells, with some confidence, can be classified into stages. 
However, even staging can be difficult: the female germline of C elegans, or the male 
germline in mammals much resembles an assembly line with continuous production 
(Greenstein 2005). But, if cells are continuously produced and changed: where could we 
draw a line between stages? It is important to mention, that in the development of the 
soma, or in tissue maintenance (as the continuous production of blood cells), cells can 
be thought of droplets in a flowing river. On the other hand, female mammals stockpile 
their eggs "frozen" at a synchronized point in cell cycle (Gilbert 2010), which might be 
considered a cell type. As seen above, in many cases in biology, these boundaries are 
far from clear cut. Even basic definitions are a matter of debate: cells types were first 
described by morphology, and later by function. Now this definition is being challenged 
(Clevers et al. 2017). As we will see later, single-cell omics play a key role in this latest shift 
of the paradigm of cell type.

Why do we have a germline?
The germline is composed of cells exclusively responsible for reproduction 

(Weismann 1892; W. W. C. Tang et al. 2016). Of note, in plants, fungi, sponges and 
some animals somatic cells can also reproduce (Gilbert 2010). This strategy clearly has 
advantages in rapid expansion, but also increases the chance of accumulating harmful 
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mutations over generations (Goldsby et al. 2014). A strict germline-soma distinction 
allows animals to pass on their genomes from cells who went through limited numbers 
of divisions, and who are only committed to keep the genome safe. Under strict germline 
separation, genetic information forms an infinite lineage from the first germ cell until 
now, unlike the genetic information stored in the soma, which is disposed of each time 
an organism passes away (Weismann 1892). This strict distinction emerged in more 
complex bilaterian animals with sexual reproduction (Radzvilavicius et al. 2016), in which 
separate male and female germlines exist. Germ cells do not only transmit genes to the 
next generation, they also have a second function: creating diversity by recombining DNA: 
this process is called sex.

Sex helps us to adapt faster
We, as most eukaryotic organisms are diploid. This means our cells have two copies 

of each piece of DNA. The only exceptions are the germ cells: they are haploid, so they 
have only one copy of DNA. Sexual reproduction is the cycle of producing haploid germ 
cells (accompanied by genetic recombination) and the subsequent union of two gametes 
to form a new diploid organism. Haploid germ cells are formed by meiosis, or reductive 
division, reducing the DNA content from two to one copy (Marston and Amon 2004). 
Meiosis however is not only about halving the amount of DNA. It has an equally important 
function: genetic recombination. Genetic recombination creates a unique combination of 
DNA segments by swapping regions from the two copies of DNA, and assorting them in 
different haploid offsprings (Handel and Schimenti 2010). This generates diversity among 
the offsprings, some of which will then be better suited for a changing environment. Sexual 
reproduction –or sex– therefore allows the organism to adapt to changing environments 
by recombining genetic information (Rice 2002).

The male and female germ line
The separation of two sexes lead to marked differences between the two germlines 

during evolution, which had a tremendous effect on male and female germ cells (Handel 
and Schimenti 2010). From C elegans to human, and in all bilateral animals, the distinct 
strategies of eggs and sperm are conserved (Gilbert 2010). Female germ cells (eggs or 
oocytes), are big, nutrient rich and limited in number. Also, they can spend up to several 
years arrested in prophase I (Extavour 2009), while being metabolically repressed (de 
Paula et al. 2013). Male germ cells on the other hand are mass-produced in testes, are 
metabolically active as they are required to travel to the egg (Radzvilavicius et al. 2016).
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Meiosis is not a cycle

Meiosis, unlike mitosis, is not a cycle (Forsburg and Hodson 2000). It only occurs in 
germ cells, and it can only be executed once before fertilization restores the diploid DNA 
content (Handel and Schimenti 2010). Still it is a type of cell division and the molecular 
machinery is shared between the mitosis and meiosis (Marston and Amon 2004). Very 
simplistically, meiosis can be regarded as two subsequent cell divisions, without the 
normally occurring DNA replication in between. The first division is special. Firstly, the 
paternally and maternally inherited (homologous) chromosomes pair up and recombine: 
chromosomes with new combinations of parental DNA arise (Egel and Lankenau 2008). 
Second, after the recombination is completed –unlike in mitosis– complete chromosomes 
separate into the two daughter cells. Due to recombination, these daughter cells are not 
genetically identical. The second division within meiosis resembles mitosis, because the 
two sister chromatids of each chromosome are segregated (Egel and Lankenau 2008). One 
of the biggest differences between mitosis and meiosis II is the number of chromosomes. 
In meiosis II the number of chromosomes is half of diploid cells undergoing mitosis. Taken 
together, meiosis is markedly different from mitosis, the normal cell cycle, and its most 
distinct features can be observed in its first phase. In later chapters of this thesis, we 
investigated some unique features of meiosis I  (Fig.1).

Male Meiosis and Female Meiosis are different
Meiosis in the simplest case produces 4 haploid cells from a diploid mother cell. 

Accordingly, male meiosis a spermatocyte produces 4 haploid spermatids. Male meiosis is 
easier to study: it continuously occurs in adult males in the testes. In the mouse it takes A1 
spermatogonia ~26 days to complete meiosis resulting in 4 round spermatids (Clermont 
1972).

The female meiosis is a more special case for multiple reasons. First, male and 
female germ cells undergo meiosis at a very different rate. Unlike male meiosis, female 
meiosis is interrupted and prolonged over a much longer period (Okabe 2013). In 
adult females there is no production of germ cells, they are born with a fixed number 
of oocytes arrested meiotic prophase I. Another difference is in the outcome: oocytes 
produce only a single egg, while the remaining cells are eliminated or are reduced into 
the polar body (Handel and Schimenti 2010). How cells prepare for and enter meiosis can 
differ per species: unlike mice, human female germ cells development asynchronously 
in the primordial ovary (Anderson et al. 2007; Guo et al. 2015). In Chapter 2 we will 
explore multiple aspects of heterogeneous human female germ cells development using 
haplotype-specific single-cell mRNA sequencing.
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Fig.1: Mammalian meiosis and gametogenesis. 
Beige cells in the middle represent the general steps of meiosis, while male and female meiosis 
specifi c events are highlighted in blue and pink, respecti vely. Meiosis is preceded by DNA replicati on 
in a premeioti c S phase, which results a cell with 4C DNA content. S phase is followed by the long 
meiosis I prophase (or prophase I), during which homologous chromosomes pair and undergo 
recombinati on. Sub-stages of Prophase I are defi ned by chromosome compacti on, pairing and 
recombinati on. During prophase I the synaptonemal complex holds together the chromosomes, and 
provides a scaff old for recombinati on (SC, shown in green in the prophase I gonocyte). At metaphase 
I, fully aligned and recombined homologous chromosomes are held together by recombinati on sites 
(chiasma). In anaphase I, individual chromosomes are separated, and then 2 separate cells form 
during telophase I. These, called secondary gametocytes, have haploid chromosome content, but 
each chromosome is sti ll comprised of two chromati ds. Note that in females, only one cell forms 
with a reduced polar body att ached to it (small yellow circle). In the second meioti c division the 
identi cal chromati ds of each chromosome separate, which resembles the mitoti c division. This 
generates haploid gametes with 1N chromosome number and 1C DNA content. In female germ 
cells the second meioti c division occurs aft er ferti lizati on. The polar body also undergoes division, 
leading to 3 polar bodies (3 yellow circles). Unti l the female meiosis completes, the paternal and 
maternal DNA is kept separate in pronuclei (blue, pink). Adapted from (Handel and Schimenti  2010)
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Autosomes and Sex Chromosomes

The DNA of the cells is organized into chromosomes. Most chromosomes are 
autosomes: these are chromosomes that appear exactly twice in a diploid genome. 
Each copy, or allele is inherited from the mother through the egg, or from the father 
through the sperm. As these copies have the same genes, it is referred as homologous 
chromosomes. Other chromosomes are called sex chromosomes and they are responsible 
for determining the sex of the individual (Fig.2). In mammals, the sex chromosomes are 
either X or Y, and a female individual has XX, while a male individual has XY genotype. 
This means that females, which make half of the population, have the double amount of 
X chromosomes than what is necessary for survival. At the same time, the male half of 
the population has a pair of chromosomes that is mismatched in size and function. These 
sexual differences in chromosomes led to a series of adaptive mechanisms (Lifschytz and 
Lindsley 1972; Avner and Heard 2001).

X Chromosome Inactivation
Expression of a gene depends on regulatory sequences surrounding it on the DNA 

strand. The sequences of these elements are optimized through evolution to –among 
other– ensure a specific expression level for each gene (Dunham et al. 2012; de Laat and 
Duboule 2013). The expression level of a gene however, also depends on gene dosage 
(Birchler et al. 2001). 

Dosage –or the number of copies of a gene– establishes how many copies are 
available for gene expression. As for the X chromosome, males have one, and females have 
two copies of each gene. If the optimal dosage was two, the male half of the population 
would suffer from a suboptimal gene dosage. Mammals therefore evolved for an optimal 
dosage of one X chromosome copy, and developed X chromosome inactivation in females 
(Heard, Clerc, and Avner 1997). X chromosome inactivation silences the expression from 
one copy of the X chromosome, thereby achieving dosage compensation in female cells. 
X inactivation randomly affects either parental copy of the chromosomes in most tissues.

The consequence of this is that tissues are a mixed population of cells expressing 
the paternal or the maternal allele (or copy) of the X chromosome. In other words, these 
cells show allele-specific expression of either copy of the X-chromosome. This activity 
however is not steady throughout the life of an individual (Kratzer and Chapman 1981; 
Heard, Clerc, and Avner 1997; Chuva de Sousa Lopes et al. 2008; X. Deng et al. 2014). 
Technically, since cells expressing paternal or maternal copies are hard to distinguish, bulk 
methods working with populations of cells would draw a flawed picture. They would show 
an averaged paternal-maternal expression in the sample, a state that do not exist in any cell 
of the population. To study such cellular heterogeneity requires single-cell methods, like 
allele-specific RNA Fish (Hansen and van Oudenaarden 2013), or single-cell sequencing, 
which is described later in this chapter.
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Meiotic Sex Chromosome Inactivation
Male cells do not need dosage compensati on, but they face another challenge: 

the alignment of non-homologous X and Y chromosomes in meiosis I (Turner 2007). In 
mammals, the X and Y chromosomes are both functi onally and morphologically very 
diff erent. The X chromosome is similar to autosomes in size, and the number of encoded 
genes. The Y chromosome, however is small and hosts few genes (Bachtrog 2013). The 
most important of the few genes found on the Y chromosome is SRY, a gene which 
determines sex by triggering testi s development in the early embryo (Goodfellow and 
Lovell-Badge 1993).

As menti oned above, in meiosis I homologous chromosomes line up in pairs and 
exchange parts of their DNA during recombinati on (Egel and Lankenau 2008). In females, 
two X-chromosomes can recombine just as autosomes do, but in males it is problemati c. 
The X and Y are so diff erent both in size and in sequence, that there is only a short fracti on 
of both chromosomes that is homologous, called the pseudoautosomal region (PAR). As 

Fig.2:  Karyogram of a human male. UCSC colors overlaid over Giemsa staining. 
The unmatched X (big) and Y (small) chromosomes are visible in the lower left  corner. Source: 
Wikimedia Commons.
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the cell undergoes recombinati on, enzymes create double strand breaks on the DNA. 
These cut DNA fragments fi nd the matching region on the homologous chromosome and 
are repaired by joining DNA strands from the other chromosome pair.

In an environment fi lled with enzymes acti vely cutti  ng and joining DNA, the sex 
chromosomes are in a perilous positi on. They might get cut as other chromosomes, but in 
the lack of a homologous pair, they could be repaired incorrectly. Cut DNA ends generally 
can be repaired in two ways: by homologous end joining or non-homologous end joining 
if there is no homologous DNA template available for repair (Handel and Schimenti  
2010). For the unique segments of sex chromosomes this can either happen because 
they incorrectly align to a DNA sequence, which is non-homologous, or while the cuts are 
being repaired by non-homologous end joining, the RNA transcripti on machinery collides 
with the DNA repair machinery. To avoid this from happening, unsynapsed (~unpaired) 
DNA sequences undergo meioti c silencing of unsynapsed chromati n (Turner et al. 2005), 
which in the case of sex chromosomes is termed meioti c sex chromosome inacti vati on 
(MSCI) (Fig.3). 

Fig.3:  Meioti c Sex Chromosome Inacti vati on (MSCI) and Sex Body Formati on in Spermatogenesis. 
Sex chromosomes show normal transcripti onal acti vity unti l zygotene (in green), completely silenced 
from pachytene unti l secondary spermatocytes (orange). Aft er meiosis, the X and Y chromosomes 
are largely silenced (light orange), and appear as heterochromati c domains under the microscope 
(post-meioti c sex chromati n, PMSC). PMSC is shown as the light-turquoise structure located next 
to the dark-turquoise chromocenter, where centromeres cluster. Elong., elongated; sec., secondary. 
Adapted from (Turner 2007). 
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Single-cell biology of heterogeneous and continuous 
processes

Single-cell methods are key in understanding at least two kinds of biological systems. 
The first kind is a heterogeneous system: if, for instance, a tissue is a complex mixture of 
(possibly unknown) cell types, or if distinct cell types that cannot be separately isolated 
(Grün et al. 2015; Muraro et al. 2016). The second kind is a biological system that does 
not have well-defined cell types. This can happen if cells undergo a continuous change 
during development and differentiation. In the first case the isolation of all populations in 
not feasible, in the second it is conceptually impossible: a continuum of developing cells 
cannot be separated into legitimate categories.

In the first two chapters of this work we applied single-cell mRNA sequencing to 
study the continuous development of male germ cells in meiosis I and human female germ 
cell which undergo asynchronous development and X chromosome inactivation. In the last 
chapter, using the largely longitudinal anatomy of C elegans, we applied RNA tomography 
to identify novel genes along the spatially separated germline.

Technology

Microscopy launches single-cell biology
Cells were first described by the microscopist Robert Hooke in his book, 

Micrographia (Hooke 1665). However, the recognition of how diverse the world of cells 
really is, is largely contributed by the Dutch scientist Antonie van Leeuwenhoek. Often 
referred to as the father of microbiology, he described the variable appearance of cells, 
and described protists, bacteria, spermatozoa, and even the vacuole for the first time. 
In the coming centuries, microscopy was unmatched in resolving small structures, and 
remained for a long time the major tool for the investigation of single cells (Rosenthal 
2009). Microscopes improved in resolution, immunohistochemistry, phase contrast 
microscopy and fluorescence microscopy were invented. The discovery of messenger 
RNA (Weiss and Gladstone 1959; Stevens 1960), and later the discovery of fluorescence 
in situ hybridization (Langer-Safer, Levine, and Ward 1982) allowed the visualization of 
RNAs in single cells. The development of fluorescence in situ hybridization later allowed 
to count individual RNA molecules in each cell, allowing precise quantization of cell-to-
cell differences (Raj et al. 2008). The latest developments now allow us to measure the 
expression of multitude of genes in large numbers of cells (Battich, Stoeger, and Pelkmans 
2013; K. H. Chen et al. 2015), but to measure the complete transcriptome in individual 
cells, the emergence of another technology was necessary.
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Sequencing brings single-cell research to the omics era
Single-cell mRNA sequencing started more than 25 years ago with the combination 

of reverse transcription and PCR based amplification (Brady, Barbara, and Iscove 1990; 
Eberwine et al. 1992). These approaches used southern blot for quantification, which was 
later surpassed by microarray technology (Chiang and Melton 2003), which tremendously 
increased the resolution.

But the real game changer was next generation sequencing. The advent of new 
sequencing technologies in the 2000's made costs of sequencing drop faster than Moore's 
law (Hayden 2014), opening doors for whole transcriptome sequencing of several 
cells. Although, the first single-cell transcriptomics protocol embracing next generation 
sequencing was expensive, labor intensive and limitedly quantitative, but opened up the 
era of single-cell transcriptomics (F. Tang et al. 2009).

The technology rapidly developed by adopting a multiplexing strategy based on 
cell-specific barcodes (Islam et al. 2011), counteracting amplification biases with unique 
molecular identifiers (Kivioja et al. 2011) and linear amplification (Hashimshony et al. 
2012) (Fig.4). Methods for quantification of technical noise and biological variation have 
also been developed (Grün, Kester, and van Oudenaarden 2014). Some applications, like 
the detection of allele-specific expression (Q. Deng et al. 2014), or isoform quantification 
required sensitive full-length transcriptome sequencing (Picelli et al. 2013). Single-cell 
transcriptomics is in constant development. The application of microfluidics (Macosko et 

Fig.4: Single-cell mRNA sequencing strategies.
(A) The 3’ protocol CEL-seq was applied in chapter 3 and 4. (C) The full length mRNA sequencing 
protocol SMART-seq was applied in chapter 1 to maximize the coverage of SNPs.  (A) CEL-seq. The 
mRNA is reverse transcribed using a primer with the Illumina P1 adaptor, a cell barcode, and a T7 
promoter. There primer also contains a UMI in case of CEL-seq2 or Sort-seq. Following second-strand 
synthesis, the cDNA is amplified by in vitro transcription from the T7 promoter. After fragmentation, 
the Illumina P2 adaptor is added either by ligation (CEL-seq1) or by PCR (CEL-seq2). The sequencing 
reads are derived from the 3' end of the mRNA molecules.
(B) STRT-seq. The mRNA is reverse transcribed using a primer with the Illumina P1 adaptor and a 
PvuI restriction site. After full-length reverse transcription, a template-switching oligo with another 
Illumina P1 adaptor and the UMI is added to the 5' end of the transcript. Following second-strand 
synthesis, the cDNA is then PCR amplified using primers complementary to the Illumina P1 adaptor. 
Fragmentation and ligation by the Tn5 transposes attaches the Illumina P2 adaptor and the cell 
barcode. The 3' ends are digested by the PvuI restriction enzyme, to keep the UMI-labeled only 5' 
ends for sequencing. 
(C) Smart-seq2. The mRNA is reverse transcribed using a primer with a PCR primer. The same 
PCR primer is part of the template-switching oligo added to the 5' end of the cDNA upon reverse 
transcription. After PCR amplification, the cDNA is fragmented by tagmentation using the Tn5 
transposase. Simultaneously, Tn5 ligates different 5' and 3' primers to the fragments. Another 
round of PCR introduces the Nextera sequencing primers to the ends of the fragments, enabling 
sequencing with full-length read coverage.  Adapted from (Grun and van Oudenaarden 2015).
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al. 2015; Klein et al. 2015), picoliter wells together with combinatorial labeling (Bose et al. 
2015; Fan, Fu, and Fodor 2015) now allows the sequencing of millions of cells for inspiring 
international projects like the Human Cell Atlas.

Spatial transcriptomics and RNA-tomography
For many biological questions it is important to know where a gene is expressed in 

the three physical dimensions. Considering that a cell is the unit of life, single-cell mRNA 
sequencing provides the ultimate resolution. It is also a versatile and scalable approach 
(Svensson, Vento-Tormo, and Teichmann 2017), however it cannot not directly link gene 
expression to a position in physical space. While manual cell isolation and laser capture 
dissection can provide this information, their throughput is limited (Shapiro, Biezuner, 
and Linnarsson 2013). The final goal is to obtain spatially resolved, transcriptome wide 
expression profiling in single-cells, but current methods have limited sensitivity. Therefore 
alternative sequencing based methods were developed. A conceptually clean approach 
to this problem is to section a tissue or an entire organism and sequence individual 
sections. Cryosectioning allows to isolate sections of a tissue down to the range of 10's of 
micrometers, while keeping the RNA intact in at low temperatures until RNA extraction. 
By combining cryosectioning with sensitive mRNA amplification techniques recent works 
successfully reconstructed 2D gene expression patterns in drosophila embryos (Combs 
and Eisen 2013) and by computational reconstruction, 3D gene expression patterns 
in 3 different stages of zebrafish embryos were quantified (Junker et al. 2014). RNA-
tomography (or Tomo-seq) particularly well suited for elongated structures and was 
later successfully applied to describe the spatial patterns of recovery after ischemic 
injury (Lacraz et al. 2017) in the murine heart. More recent methodological development 
extract RNA without tissue sectioning (Stahl et al. 2016). In this method RNA is extracted 
directly to a chip with immobilized poly-dT olives that capture RNA. While the current 
resolution is limited to 100 μm, this approach could eventually reach single-cell resolution 
by increasing the density of barcoded oligos (Rusk 2016).

Single-cell sequencing data require novel computational 
approaches

The tremendous development in transcriptome wide methods brought new 
challenges in data analysis (Grun and van Oudenaarden 2015). Single-cell and spatial 
transcriptomic methods not only meant higher resolution, more cells, or better coverage, 
but data of entirely different nature. New ways of separating biological signal from technical 
variation were developed (Brennecke et al. 2013; Grün, Kester, and van Oudenaarden 
2014; Buettner et al. 2015). Expression of thousands of genes in hundreds to thousands of 
cells could not be explored by browsing tables. Machine learning was necessary in order 
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to discover pattern hidden in complexity, reduce and visualize complexity (Grun and van 
Oudenaarden 2015). T-distributed stochastic neighbor embedding (or t-SNE) (Maaten and 
Hinton 2008) replaced linear dimensionality reduction techniques such as PCA (Hotelling 
1933) and classical multidimensional scaling (Torgerson 1952) as the method of choice 
in visualizing large single-cell datasets (Grün et al. 2015; Macosko et al. 2015; Muraro 
et al. 2016; Cao et al. 2017). Other methods as circular projections (Jaitin et al. 2014) or 
diffusion maps (Haghverdi, Buettner, and Theis 2015) were explored as well, but gained 
less popularity. Various clustering approaches were explored to identify cell types without 
any prior knowledge (Jaitin et al. 2014; Grün et al. 2015; Buettner et al. 2015).
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Abstract
In contrast to mouse, human female germ cells development is highly asynchronous. 

This makes the rigorous analysis of epigenetic reprogramming, including erasure of parent-
specific genomic imprints and reactivation of the inactive X chromosome, challenging. 
Here, we combined exome sequencing of human fetuses (and maternal tissue) with single 
cell RNA-sequencing of five donors. We than reconstructed the parental haplotypes of each 
of them to precisely quantify the changes in chromosome-wide haplotype expression. 
We distinguished several distinct human germ cell stages [primordial germ cells (PGCs), 
pre-meiotic germ cells and meiotic germ cells] before oocytes become encapsulated in 
primordial follicles. With the parental origin of SNPs, we revealed that many germ cells 
still showed robust monoallelic expression of imprinted genes, in particular of the SNURF-
SNRPN cluster. In addition, we showed that ±30% of the PGCs are still in the process of 
reactivating the inactive X chromosome and XIST expression does not correlate with this. 
Our analysis highlights the importance of analysing germ cells per stage, defined by their 
transcriptional program, instead of embryonic age. Finally, we reveal the complexity of 
epigenetic remodelling in humans, showing substantial variation in the timing and degree 
of epigenetic reprogramming between individual germ cells.

Manuscript
In the mammalian germline, the paternal and maternal epigenetic marks are 

removed to equalize the (epi)genome before meiotic entry. Key aspects of the epigenetic 
reprogramming in germ cells are the erasure of parent-specific genomic imprints and, 
in females, the reactivation of the inactive X chromosome. As a result, the expression 
of both imprinted and X-linked genes change from monoallelic to biallelic. In humans, 
the development of female germ cells, including the timing of meiotic entry, is strongly 
asynchronous1, 2, 3, 4 and several developmental stages ranging from early primordial germ 
cells (PGCs) to primordial follicles can be observed simultaneously in the same female 
gonad, from the second trimester on4, 5, 6.

In recent years there has been major progress towards understanding the genetic7, 

8 and epigenetic regulation in embryonic germ cells9, 10, 11. Pioneering work4, 10 identified 
a pronounced transcriptional heterogeneity in human PGCs from week 11 onwards, 
using single-cell RNA sequencing. The authors identified heterozygous single nucleotide 
polymorphisms (SNPs) based on RNA sequencing data and concluded that X chromosome 
in PGCs was already reactivated in week 4 human embryos. This conclusion was based 
on the expression of a few selected genes, some being reported as XCI-escapees12, 

13. Moreover, SNP calling from single-cell RNA sequencing is affected by low coverage, 
RNA modifications and it does not allow haplotype reconstruction. Without haplotyped 
chromosomes and good coverage of informative, non-escaping X-linked genes, allelic 
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expression status of the X chromosome in humans remains elusive.
Here, we have combined high quality exome sequencing of fetal and maternal DNA 

samples with single cell RNA-sequencing of five donor (D) fetuses (Fig. 1). This allowed 
us to reconstruct the parental haplotypes of each of them (Table 1). Thus, we were able 
to quantify the changes in chromosome-wide haplotypic expression. This revealed the 
dynamics the erasure of parent-specific genomic imprints and, in females, the reactivation 
of the inactive X chromosome.

First, we have noticed that the previously described heterogeneity is structured. 
Three distinct sub-populations were consistently present at specific locations in the human 
female gonad during developing (Supplementary Fig. S1). Human germ cells, homogenous 
during first trimester, progress to the second and third trimesters, by upregulating DDX4 
and downregulating POU51F and PDPN; whereas most germ cells seem to express KIT 
(Supplementary Fig. S1a,b).

To determine whether the transcriptional signature of these distinct sub-
populations remained unchanged during fetal development, we isolated and sequenced 
RNA from single cells from human fetal gonads (N=73, including germ cells and gonadal 
somatic cells) and adrenal glands (N=35 adrenal cells) from 8.1-14.4wk (weeks) of 
development using SMART-seq2 technology14. We also incorporated previously published 
data from a total of 84 germ cells and 38 somatic cells from additional 5 human female 
fetuses of 4-17wk donors (D7-D11) 10 that passed our quality control.

After alignment and quality control, a total of 155 female gonadal cells and somatic 
cells were classified by hierarchical clustering (Spearman correlation) based on the 
expression of 72 key genes covering the most relevant aspects of germ cell development 
ranging from primordial germ cell formation to their entry into meiosis involved as well 

Figure 1. Cartoon depicting the experimental design used.
The workflow combined a) exome sequencing of the fetus and mother, used for variant calling of 
high coverage exomic DNA reads to reconstruct the parental haplotypes of the fetus (heterozygous 
in the fetus that were homozygous in the mother); b) isolation of single cells from the fetal gonad 
and adrenal gland, followed by RNA sequencing using SmartSeq2; c) alignment of the RNA reads 
per fetus to the parental genome and quantification of parental expression for all informative SNPs 
per haplotype.
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as several somatic genes7, 9 (Fig. 2a and Supplementary Fig. S2). Somatic (N=26) and germ 
cells (N=129) clustered separately. Among the 129 germ cells, three distinct major clusters 
emerged 1) POU5F1+PDPN+ early-stage PGCs (PGCs; N=76) characterized by high levels of 
pluripotency and early germ cells markers, 2) pre-meiotic late germ cells (LGCs; N=25) 
characterized by moderate levels of early, late and meiotic germ cell markers, and 3) 
meiotic germ cells (MGCs; N=28), characterized by high levels of meiotic markers (Fig. 2a). 

Multidimensional scaling separated female germ cells by stage (PGC, LGC, MGC), 
instead of developmental age in the first dimension and germ cells from somatic cells in 
the second dimension (Fig. 2b-c). Using Monocle15, we computed the minimum spanning 
tree (Supplementary Fig. S3a) and ranked the germ cells along a pseudo developmental 
timeline (Fig. 2d). The list of genes enriched at least tenfold per stage, instead of age, 
provided a biologically meaningful marker gene list that characterizes each stage (PGC, 
LGC, MGC) (Supplementary Fig. S3b; Supplementary Table S1).

To date, epigenetic reprogramming in human germ cells has only been investigated 
by fetal age and not by germ cell stage9, 10. However, from our data, we hypothesized 
that the timing of epigenetic reprogramming may relate to the individual germ cell stage 
regardless of the developmental age of the fetus. To study this in a rigorous manner, 
we analysed the parent-specific expression of all SNP-containing X-linked genes and 
imprinted genes. We sequenced the exomes of the analysed fetuses and their mothers 
and identified genes that contained heterozygous SNPs in the fetus, but were homozygous 
in the mother. Those SNPs allowed us to distinguish the parental origin of the SNPs, to 
reconstruct the paternal and maternal haplotypes for each fetus (Table 1) and to quantify 
parental expression as opposed to simply mono- and bi-allelic expression of SNPs. After 
alignment and quality control, we excluded the cells in the lowest quintiles regarding the 
number of SNP-containing genes and allelic reads (Supplementary Fig. S3c) and analysed 
further 53 female germ cells and 11 female somatic cells.

From a list of confirmed human imprinted genes (compiled from16, 17 and www.
geneimprint.com), we identified 39 that were expressed and contained distinctive SNPs 
(Supplementary Table S2). We show the maternal and paternal allele specific expression 
of each imprinted gene (expressed by at least 3 cells) in germ cells and somatic cells (Fig. 
3a and Supplementary Table S2). From these, 14 out of 39 genes belonged to 5 well-
established imprinted gene-clusters (H19/IGF2, DLK1-DIO3/MEG3, KCNQ1/KCNQ1OT1, 
PEG3/ZIM and SNURF-SNRPN/UBE3A), each regulated by a differentially methylated 
imprinting control region (ICR)18, 19, 20, whereas the remaining 25 (out of 39) genes are 
not reported to be part of ICR-regulated gene-clusters (Supplementary Table S2). 
Interestingly, most of these 25 genes behaved less clearly as imprinted, showing partial 
biallelic expression, even in somatic cells (Fig. 3b). This may be due to their relatively 
low expression levels or alternatively because some of them may behave imprinted only 
in specific tissues. Baran et al21 have reported variation in genomic imprinting across 
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human individuals, tissues and genes. Using their data, we showed that the 25 genes that 
belonged to the 5 imprinted gene-clusters were imprinted in a median of 97% of human 
tissues, compared to a median of 71% for the other 14 imprinted genes (p=0.028, Mann-
Whitney-Wilcoxon test, MWW) (Supplementary Fig. S3d). Moreover, the 14 genes from 
the 5 imprinted gene-clusters showed robust monoallelic expression from the expected 
allele in the somatic cells (Fig. 3b,c). The average expression bias of these genes in germ 
cells was lower than in somatic cells (p=7e-04, MWW), but that also differed from the 
biallelic expression in autosomes (p=1e-07, MWW) (Fig. 3b,c and Supplementary Fig. S3e).

In germ cells, genes of the H19/IGF2, DLK1-DIO3/MEG3 and PEG3/ZIM gene-

Figure 2. Embryonic age does not determine developmental stage of human germ cells.
(a) Unsupervised hierarchical clustering and associated heatmap of germline-specific genes, 
combining our single-cell human female dataset with the online available single-cell human 
female dataset from Guo et al., 2015 to a total of 129 female germ cells and 26 female somatic 
cells from 9 different donors (D). The germ cells segregated into categories representing 3 different 
developmental stages, instead of donor/embryonic age. The categories represent the transcriptional 
signatures of primordial germ cells (PGC), late germ cells (LGC) and meiotic germ cells (MGC). 
(b-c) Multidimensional scaling plots showing the individual somatic cells and germ cells (our dataset 
combined with that of Guo et al) colour-coded by developmental stages (PGC, LGC, MGC) (b) and by 
donor (D)-embryonic age (weeks, wk) (c). 
(d) Individual germ cells (our dataset combined with that of Guo et al) ranked by their respective gene 
expression profiles using Monocle. This ranking is largely consistent with the independently identified 
developmental stages. Cells are coloured according to the embryonic age and developmental stage 
(PGC, LGC, MGC).
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clusters showed some degree of biallelic expression, but interestingly genes of the 
KCNQ1/KCNQ1OT1 and SNURF-SNRPN/UBE3A (excluding UBE3A that is imprinted in 
the neuronal tissue only22) gene-clusters showed strong monoallelic expression from 
the expected allele (Fig. 3b,c). When the developmental stage of germ cells is depicted 
instead of the donor/age (Fig. 3b, right panel), even the LGCs and MGCs seem to keep 
monoallelic expression of imprinted genes from the expected allele, suggesting that 1) 
the imprint has not been erased yet or 2) the erasure of DNA methylation is complete, 
but this is not followed by biallelic expression and the observed monoallelic expression 
reflects ‘left over’ expression from earlier stages.

To distinguish between these two possibilities, we analysed online available 
data from 10-17wk female germ cells 10. We found that the mean percentage of DNA 
methylation in the KCNQ1/KCNQ1OT1 and SNURF-SNRPN/UBE3A (Prader-Willi syndrome 
(PWS)-ICR) ICRs was strikingly higher (about 18% methylated CpGs), when compared to 
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Figure 3. Parent-of-origin allele-specific expression of imprinted genes in human germ cells.
(a) Expression of individual SNP-containing imprinted genes was separated in maternally and 
paternally read counts in somatic cells and germ cells. Grey bars depict the median. 
(b) Allele-specific expression of SNP-containing imprinted genes separated by imprinted gene-
clusters in somatic cells (left panel) and germ cells (middle panel: coloured by donor/age; and right 
panel: coloured by developmental stage). Allelic read count ratios were plotted in relation to the 
expected parental allele. Grey bars depict the median.
(c) Mean allelic bias (read count ratio) of genes from the 5 imprinted gene-clusters versus the number 
of somatic cells (left panel) and germ cells (right panel) where allelic reads were available. Allelic 
read counts are denoted as the colour of each dot (gene) from yellow to red. Grey line: monoallelic 
expression in 5 or more cells is significant evidence for a specific gene being monoallelically expressed 
under the model of random allelic drop-out.
(d) Quantification of DNA methylation in selected imprinting control regions in germ cells and 
somatic cells. The datasets used (germ cells and somatic cells) were from Guo et al. As control, the 
promoter region of DDX4 and DPPA5 shown to be methylated in somatic cells and demethylated in 
germ cells is also depicted. See Supplementary Fig. S3f.

the H19/IGF2, DLK1-DIO3/MEG3 and PEG3/ZIM ICRs in human germ cells that showed 
complete loss of DNA methylation (Fig. 3d and Supplementary Fig. S3f). However, the DNA 
methylation in the KCNQ1/KCNQ1OT1 and SNURF-SNRPN/UBE3A ICRs in the germ cells 
was considerably lower than the 60% methylation of imprinted ICRs in the somatic cells, 
suggesting ongoing demethylation. As control, we show that the promoter of DDX4 and 
DPPA5 are methylated in somatic cells and demethylated in germ cells (Fig. 3d). 

In addition, we have FACS-sorted germ cells from 14wk and 16wk female gonads, 
performed bisulfite conversion and sequenced the 5 ICRs of interest (Supplementary 
Fig. 4a,b). The percentage methylated and unmethylated reads was roughly 50:50 in 
somatic and maternal material, as expected. However, in the FACS-sorted germ cells 
the DNA methylation in the H19/IGF2, DLK1-DIO3/MEG3 and PEG3/ZIM ICRs is clearly 
being erased, in contrast to the KCNQ1/KCNQ1OT1 and SNURF-SNRPN/UBE3A ICRs that 
seem to retain the imprint. Informative SNPs present in the H19/IGF2 (rs2071094 in the 
16wk donor) and PEG3/ZIM (rs2302376 in the 14wk donor) ICRs confirmed that it is 
respectively the paternal and maternal allele that becomes demethylated in the germ 
cells. We concluded that even though PGCs seemed to initiate biallelic expression of both 
paternal and maternal imprinted genes, the timing of biallelic expression of imprinted 
genes occurs in a gene-cluster-specific manner during development. In the case of H19, 
the retained allelic expression in the PGCs was rather unexpected, particularly given the 
lack of DNA methylation in the H19/IGF2ICR. We verified the DNA methylation status of 
the proximal promoter region bordering with the transcriptional starting site (TSS) of H19 
(Supplementary Fig. 4c). Although the data suggested higher degree of demethylation in 
the PGCs compared with the somatic and maternal tissue, there were no informative SNPs 
in that region in the 2 donors analysed to confirm demethylation in both alleles.  

Next, the allelic information was used to quantify the timing and dynamics of X 
chromosome reactivation at the single-cell level in PGCs, LGCs, and MGCs. To be able to 
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pool the X-linked expression data, we assigned per single cell the presumably active X 
chromosome, based on the parental expression bias of the X chromosome (Fig. 4a). In 
our dataset, we identified 176 X-linked genes that were both expressed and contained 
distinctive SNPs (Supplementary Table S3). From those, 51 genes have been reported 
to escape X chromosome inactivation (XCI)12, 13 and were analysed independently. As 
expected, the XCI-escaping genes behaved similarly in somatic and germ cells, showing 
pronounced biallelic expression (Fig. 4b, top panel).

By analysing the cells and genes pooled per cell state, both PGC and LGC+MGC 
showed biallelic expression of X-linked genes (X-proper) similar to that of autosomal genes 
and distinct from (monoallelically-expressed) X-linked genes in somatic cells (Fig. 4b, 
bottom panel), suggesting X reactivation. However, we observed that some PGCs at 4-9wk 
showed a faint, but characteristic perinuclear spot of histone 3 lysine 27 trimethylation 
(H3K27me3), indicative of XCI, whereas this was not visible in germ cells at later stages 
until birth (Supplementary Fig. S5a-e) or in male germ cells (Supplementary Fig. S5f,g). 
This suggested that some PGCs still exhibited incomplete or ongoing X reactivation. 
Further analysis of other histone modifications (H3K9me3 and H3K4me2) failed to reveal 
further differences between male and female PGCs (Supplementary Fig. S5h,i).

To clarify this discrepancy, we sought to quantify more precisely the extent of XCI 
per single cell. To overcome the random allelic dropout of individual genes, we added up 
all paternal and maternal reads for each chromosome per cell, respectively. This placed 
the X chromosome in the null-distribution of autosomes (Fig. 4c). Each individual donor 
has a unique set of SNPs, hence a wide range of X-reads, so we selected cells expressing 
at least 3 SNP-containing X-linked genes (non escapees) and a minimum of 33 reads. To 
avoid sequencing-depth (read count) related effects, we binned the chromosomes by 
expression level. For each bin, we calculated a confidence interval that contained 95% of 
the (biallelic) autosomes (Supplementary Fig. S6a). Unexpectedly, several PGCs (11 out of 
38 PGCs, 29% of PGCs) contained X chromosomes that fell outside the biallelic interval, 
confirming incomplete or ongoing X reactivation (Fig. 4c and log-scale in Supplementary 
Fig. S6b). Summarizing the same quantitative data in one dimension showed that the 
11 PGCs ongoing reactivation (in orange) occupy extreme positions in the distribution of 
the X chromosome when considering allelic bias (Fig. 4d). PGCs showed either maternal 
expression bias (lower end of the distribution; 4 PGCs) or paternal expression bias (upper 
end of the distribution; 7 PGCs) (Fig. 4d), in accordance with the random nature of XCI. The 
somatic cells showed 5 cells with maternal and 5 cells with paternal expression bias (Fig. 
4d). A similar outcome was reached using the geometrical mean (GM, 99% confidence 
interval), a metric robust to outliers (Supplementary Fig. S6c). The significantly biased 
germ cells corresponded to less developed PGCs according to their monocle ranking (Fig. 
4e and Supplementary Fig. S6d).

Differences between mice and humans regarding XIST expression and its role 
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Figure 4. Parent-of-origin allele-specific expression of X-linked genes in human germ cells.
(a) Examples of a somatic cell and germ cells at different developmental stages showing the maternal 
and paternal expression of SNP-containing autosomes (black dots), proper X-linked genes (red dots) 
and X-linked genes know to escape inactivation (green dots). 
(b) Distribution of allele-specific read counts of SNP-containing XCI-escaping genes (top) and 
X-proper genes (bottom) on the active and inactive X chromosome per cell type. The average ± 
standard error of the mean (SEM) is shown for each bin.
(c) Sum of maternal and sum of paternal allele-specific read counts of SNP-containing genes 
per chromosome per single cell. The yellow area in each bin is the 95% confidence interval on 
autosomes. In orange circles are X chromosomes of germ cells that fall outside that 95% interval. 
See Supplementary Fig. S5a and S5b.
(d) Percentage read counts from the paternal X chromosome per cell type. Data points corresponding 
to cells that show allelic expression bias on the X chromosome (placed outside the 95% interval) are 
coloured. 
(e) Individual germ cells ranked according to their X chromosome expression bias. Cells are coloured 
according to donor embryo/age and germ cell stage. X chromosomes in the yellow area are within 
the 95% confidence interval determined by the autosomes.
(f) Scatter plot showing differential expression between PGCs that contain X chromosomes with 
allelic expression bias comparable to autosomes (XaXa) and that are reactivating the silent X 
chromosome (XaXi). Red dots (with gene name) were significantly different (p<0.05).  
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regulating XCI have been reported in preimplantation embryos23, 24, 25 and pluripotent 
stem cells25, 26, 27. In agreement, we also conclude that in human germ cells the expression 
levels of XIST lack predictive value regarding the X-reactivation status (Supplementary Fig. 
S6e,f). This suggests that the molecular mechanism that regulates dosage compensation 
in humans is distinct from that in mice and that the major players remain to be identified. 
Recently, another X-linked long non-coding RNA XACT has been described as an important 
player in XCI in human pluripotent cells and preimplantation embryos25. XACT expression 
was not detected in any germ cells in our data set. We do provide a list of autosomal 
genes that showed positive or negative correlation in the X-reactivation ranked germ cells 
(Supplementary Dataset S1).

We next reanalysed the XCI state of the germ cells here identified as PGCs from the 
Guo et al single-cell transcriptomics dataset10. We found that 4 (HDHD1, DMD1, USPX9, 
PLXNA3) of the 5 representative X-linked genes presented in that work to determine XCI 
state were in fact reported escapees by Park et al12; and 2 of them (HDHD1, USPX9) also 
reported escapees by Zhang et al13. To analyse the allelic expression from the dataset in 
a more systematic manner, we first excluded all reported escapee genes and than we 
identified the expressed X-linked genes that harboured SNPs. From the 5 female individual 
donors, none were observed in PGCs of 4wk (D7) and 10wk (D9), but 8wk (D8) harboured 
8, 11wk (D10) harboured 1 and 17wkwk (D11) harboured 7 SNP-containing expressed 
X-linked genes. Next, we calculated the median (mono)allelic bias of each gene per PGC. 
PGCs with at least 95% median allelic bias are considered in XCI state (Supplementary 
Fig. S6g). The systematic allelic expression analysis of the Guo et al dataset supports our 
conclusions of incomplete X-reactivation, confirming that about 30% of PGCs (17 out of 
57 PGCs) are still undergoing the process of X reactivation.

To investigate the genes that could be regulating X-reactivation in the PGCs, we 
compared the gene expression of the 11 PGCs undergoing X reactivation (XiXa) with the 
other PGCs (XaXa) (Fig. 3f and Supplementary Dataset S2). We identified several genes 
that were significantly differentially expressed (p<0.05) in both groups, including the 
significant downregulation of EED in XaXa PGCs, which has also been reported in XaXa 
PGC in mice28. 

Concluding, we suggest caution when doing bulk analysis of human germ cells, 
because depending on the age of the human gonads, those will contain germ cells with 
several defined transcriptional signatures, and that are in distinct phases of epigenetic 
reprogramming. Our data reveal surprising heterogeneity in the timing of memory 
erasure of allele-specific gene expression (imprinted genes and X-linked genes) during 
human germ cell development, both between individual loci and individual cells, thereby 
providing important information on the process and the timing of resetting the parental 
alleles in the human germ line. 
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Supplementary Online Methods

Collection of human material
The collection and use of human fetal tissues regarding the first and second 

trimester material was approved by the Medical Ethical Committee of the Leiden University 
Medical Center (P08.087). The human fetal material from first and second trimester was 
donated for research with informed consent from elective abortions without medical 
indication. The age of the fetuses was determined by obstetric ultrasonography (crown-
rump length). For conversion between crown-rump length and developmental age 
please consult https://en.wikipedia.org/wiki/Crown-rump_length. Sex genotyping, using 
AMELOGENIN, was performed as described previously 6.

Paraffin sections from ovaries from the third trimester (perinatal death) were 
obtained from the tissue biobank, University Medical Center Utrecht, with approval from 
the Pathology Science Committee of the University Medical Center Utrecht (RP 2009-28).

Immunofluorescence and confocal imaging
Human gonads were dissected in saline solution (0.9% NaCl), fixed overnight in 4% 

paraformaldehyde, embedded in paraffin, sectioned and used for immunofluorescence 
as described previously 6. Primary antibodies used were goat anti-DDX4 (1:1000, AF2030, 
R&D systems, Minneapolis, USA); rabbit anti-DDX4 (1:1000, ab13840, Abcam, Cambridge, 
UK); goat anti-POU5F1 (1:100, sc-8628, Santa Cruz Biotechnology, Dallas, USA); mouse anti-
PDPN (1:100, ab77854, Abcam, Cambridge, UK); rabbit anti-KIT/CD117 (1:100, A450229, 
DAKO, Glostrup, Denmark); rabbit anti-H3K27me3 (1:500, 07-449, Millipore, Darmstadt, 
Germany), rabbit anti-H3K4me2 (1:500, 07-030, Millipore, Darmstadt, Germany), rabbit 
anti H4K9me3 (1:500, 07-442, Millipore, Darmstadt, Germany). The secondary antibodies 
used were donkey anti-goat Cy3 (1:200, 705-165-147, Jackson Immuno Research, West 
Groove, USA), donkey anti-rabbit Alexa Fluor 488 (1:500, A-21206, Thermo Fisher Scientific, 
Paisley, UK) and donkey anti-mouse Cy3 (1:200, 715-165-150, Jackson Immuno Research, 
West Groove, USA). Nuclei staining was performed with 4’,6-diamidino-2-phenyl-indole 
(DAPI, Life Technologies, Paisley, UK). Imaging was performed on an inverted Leica TCS 
SP5 confocal laser-scanning microscope (Leica Microsystems, Mannheim, Germany), 
using Leica Application Suite Advanced Fluorescence (LAS AF) software version 1.8.0 
(Leica Microsystems, Mannheim, Germany).

Exome Sequencing
DNA isolation: DNA was isolated as previously described 29. Exome sequencing 

was performed by BGI (www.bgi.com) following standard protocols and by LGTC (www.
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lgtc.nl). At the LGTC, the generation of the library was performed using the KAPA DNA 
Library Preparation Kits for Illumina following the instruction of the manufacturer (Kapa 
BioSystems). Briefly, DNA was sheared by Covaris, followed by end repair, A-tailing and 
adapter ligation to both ends. DNA was amplified by ligation-mediated PCR (LM-PCR) and 
purified by Agencourt Ampure beads. The exome was enriched by hybridization of the 
amplified library with SureSelect Human all exome (v3) probes following the instructions 
of the manufacturer (Agilent Technologies). The enriched samples were quantified on 
Agilent Bioanalyzer and sequenced on Illumina HiSeq2000 using v3 reagents generating 
100bp long, pair-end tags. The sequencing was performed following the instructions of 
the manufacturer (Illumina).

Single-cell RNA-sequencing
Single cell isolation from human organs: The tissue culture dishes to use for the 

single cell picking were first coated for a couple of minutes (min) at room temperature 
with 0.5% bovine serum albumin (BSA, Life Technologies, Carlsbad, USA) in PBS and 
then filled with Dulbecco’s Modified Eagle Medium/F12 Nutrient mixture (DMEM/F12, 
Life Technologies, Paisley, UK). Human gonads and adrenals were placed individually in 
tissue culture dishes and the organs were mechanically disrupted with sharp needles so 
that single cells were released. Single cells were then manually picked under a stereo 
microscope (Zeiss, Sliedrecht, the Netherlands) using a pulled glass capillary in picking 
volumes of ±0.5µl medium and transferred to ice-cold PCR tubes containing 2.0µl lysis 
buffer [1.9µl 0.2% TritonX-100 in water + 0.1µl Recombinant RNase inhibitor (TaKaRa 
40U/µl Ref. 2313A] per tube), snap-frozen on dry ice and stored at -80°C.

Reverse transcription: Single-cell full-length cDNA libraries were prepared using 
the Smart-seq2 protocol 14. Briefly, 2.1µl priming buffer mix (1µl 10mM dNTPs and 1µl 
10µM Smarter oligo-dT primer) was added to the cell lysate and incubated for 3min at 
72°C in a thermal cycler, and then put on ice. Reverse transcription (RT) was performed by 
the addition of 5.6µl Smart-Seq2 RT mix [0.5µl SuperScriptII (Invitrogen Cat. 18064-014); 
2µl 5x SuperScriptII buffer; 0.5µl 100mM DTT; 2µl 5M betaine; 0.1µl 1mM MgCl2; 0.25µl 
Recombinant RNase inhibitor (TaKaRa 40U/µl Ref. 2313A); 0.1µl 100µM LNA strand switch 
primer; 0.15µl water, per reaction] and incubation (90min 42°C; 10 “strand-switch” cycles 
of (2min 50°C; 2min 70°C); 4°C) in a thermal cycler. 

cDNA amplification: cDNA amplification was performed by the addition of 15µl 
of Smart-seq2 PCR mix [12.5µl 2x KAPA HiFi HotStart ReadyMix (KAPA Biosystems Ref. 
KK2602); 0.25µl 10µM ISPCR primers; 2.25µl water, per reaction] and incubation [3min 
98°C; 19 cycles of (20 seconds (s) 98°C; 15s 67°C; 6min 72°C); 5min 70°C; 4°C] in a thermal 
cycler. The cDNA was purified using 0.7:1 volume of AMPure XP beads (Beckman Coulter, 
Ref. A63882) according to the manufacturer’s protocol (No. PT5163-1). The purified 
cDNA for each cell was inspected on an Agilent 2100 Bioanalyzer to determine cDNA 
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concentration and size distribution, using Agilent High Sensitivity DNA chips (Ref. 5067-
4626). 

Tagmentation and sequencing: Successful cDNA libraries were tagmented using 
the transposase Tn5 30. 1ng of cDNA in 5µl water was mixed with 15µl tagmentation 
mix (1µl of Tn5; 2µl 10x TAPS MgCl2 Tagmentation buffer; 5µl 40% PEG8000; 7µl water, 
per reaction) and incubated 8min at 55°C in a thermal cycler. Tn5 was inactivated and 
released from the DNA by the addition of 5µl 0.2% SDS and 5min incubation at room 
temperature. Sequence library amplification was performed using 5µl Nextera XT Index 
primers (Illumina, Ref. 15032356) and 15µl PCR mix [1µl KAPA HiFi DNA polymerase 
(KAPA Biosystems Ref. KK202); 10µl 5x KAPA HiFi buffer; 1.5 µl 10mM dNTPs; 2.5µl water, 
per reaction], and incubation [3min 72°C; 30s 95°C; 10 cycles of (10s 95°C; 30s 55°C; 
30s 72°C); 5min 72°C; 4°C] in a thermal cycler. Sequencing libraries were purified using 
1:1 volume of AMPure XP beads according to the manufacturer’s protocol), inspected 
on an Agilent 2100 Bioanalyzer, using Agilent High Sensitivity DNA chips and the DNA 
concentration was measured using a Qubit 2.0 Fluorometer (Invitrogen) with the Qubit 
dsDNA High Sensitivity Assay kit (Molecular Probes, Ref. Q32854). Pools of samples for 
multiplexing, with unique Illumina barcode for each cell, were prepared according to 
the Nextera XT DNA Sample Preparation Guide (No. 15031942 page 46, Illumina). DNA 
sequencing was performed on an Illumina HiSeq2000 (43bp single-end) and on Illumina 
NextSeq500 (75bp single-end).

Primary data analysis 
Exome Sequence Alignment: FASTQ files of individual sequencing batches were 

first run through the FastQC tool (version 0.10.1) to identify remaining adapter sequences 
and those were clipped using the Cutadapt tool (version 1.2). This was followed by a 
synchronizing step, using a custom Python script, to remove reads whose pair was 
discarded by cutadapt. Regardless of whether adapters are found or not, low quality bases 
were then trimmed using the sickle tool (version 1.3) on paired-end mode. The FASTQ files 
were then run through the BWA MEM aligner (version 0.7.10) 31 using the `-M -t 10` flag 
with an additional `-R` flag to set the read group and run name. The reference genome 
used was the Human hg19 genome from UCSC (https://genome.ucsc.edu) containing only 
the chromosomes 1 to 22, the mitochondrial genome and the sex chromosomes (X and 
Y). The resulting alignment was directly piped to the samtools tool (version 0.1.18) for 
compression into a BAM file, which was then sorted using the SortSam tool from the 
Picard suite (version 1.124), setting the stringency to lenient. This step was followed by a 
run with the MarkDuplicates with the `REMOVE_DUPLICATES` flag set to `true`, from the 
same Picard suite.

Exome Variant Calling: BAM files from different sequencing runs were analysed 
using the GATK suite (version 3.2.2) 32, 33 following their best practices pipeline at the 
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time of analysis. This was done using an in-house script written in the Scala programming 
language that runs on the GATK Queue engine. The script takes as input all BAM files from 
all sequencing batches and several annotation files. It implements the GATK best practices 
pipeline, which starts from the indel realignment step, followed by base recalibration, 
and then a merge per sample of the input BAM files. The merged BAM files were then 
run though the GATK HaplotypeCaller tool with the scatter-gather option, followed by 
separate variant recalibrator steps on the SNPs and indels. The resulting VCF files were 
then filtered for high-quality heterozygous SNPs in the non-parental samples. The final 
list of variants as annotated using the SnpEff tool (version 4.0), setting the source genome 
to `hg19`.

Construction of parental genomes: High quality (PASS filter tag), heterozygous 
SNPs from each fetus and high quality homozygous SNPs of the corresponding mother 
were selected, to generate both parental genomes from hg19. Low quality SNPs, indels, 
and maternally heterozygous SNPs were discarded. From SNPs that were heterozygous in 
the fetus, maternal homozygous reference-SNPs were utilized to generate the paternal 
genome; whereas maternal homozygous alternative-SNPs were incorporated into the 
maternal genome. Finally, we had individualized maternal and paternal genomes for each 
of the fetus analysed.

Generation of transcriptome reference: From the individualized hg19 genomes, 
transcript sequences were extracted, as described 34. The transcriptome reference was 
built using the RefSeq gene models for hg19 in UCSC. All isoforms derived of the same 
gene were merged, yielding 23738 unique transcripts on the chromosomes 1 to 22, 
the mitochondrial genome and the sex chromosomes (X and Y). Coordinates of these 
transcripts were then used to generate individualized transcriptome references for each 
sample based on the individualized genome sequences generated (as described earlier).

Allele specific alignment of single cell mRNA libraries: FASTQ files of the sequenced 
transcripts were run through FastQC tool (version 0.10.1), Cutadapt tool (version 
1.2) and Trim Galore (version 0.4.1) to remove transposase sequence remainders 
(CTGTCTCTTATACAC). Files then were aligned against the generated transcriptome 
reference using BWA 6.2 with default parameters 35. We only considered uniquely mapped 
reads as defined by a single optimal alignment (X0_tag == "X0:i:1”). We mapped each cell’s 
library twice. Once against the maternal, and once against the paternal transcriptome 
references, we selected reads that mapped uniquely against both. If a read had smaller 
edit distance to one of the genomes, we called that the parental allele of origin. For allelic 
expression analysis, we worked with read counts (as opposed to TPM), to be able to 
correct for sampling effects and allelic dropout.

Gene expression measurements. Gene expression levels were measured using the 
RSEM software (version 1.2.16) RSEM was run on a merged FASTQ file for each sample, 
setting the `--bowtie2` flag and using Bowtie version 2.1.0, the `--num-threads` flag to 8, 
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and `--calc-ci` flag. The RSEM reference was prepared using the rsem-prepare-reference 
executable with the same hg19 genome file as was used in the variant calling step and 
the UCSC RefSeq GTF file, with the rRNA and tRNA regions removed. For non-allelic 
transcriptome analysis, we used RSEM’s Transcript Per Million (TPM) tables; to compare 
with literature, we used Fragment Per Kilobase Mapped reads (FPKM) tables.

Secondary data analysis 
Analysis pipeline: The analysis pipeline is available open source under https://

github.com/vertesy/human_PGC_x reactivation.
Visualization: The data was visualized using the R packages gplots 36, ggplot2 37 and 

MarkdownReports 38.
Transcriptional analysis: Single cells from female germ cells our dataset and from 

Guo et al 10 [Gene Expression Omnibus (GEO) database GSE63818] with at least 7500 
genes expressed were used for transcriptomics analysis (129 female germ cells and 26 
female somatic cells). The data was primarily analysed with R (version 3.2.2) and python 
(version 2.3). A list of 72 genes of interest was used for clustering by multidimensional 
scaling using the base R package stats. Spearman correlation based on those 72 genes 
of interest was performed using the pheatmap package 39. FPKM values for each cell 
were median-normalized and used for Spearman correlation based on the expression of 
the same set of genes of interest. For the tenfold enrichment analysis, from the pooled 
normalized data sets, cells were grouped either by germ cell stage or by fetal age, and 
per group the mean expression of each gene was calculated. Based on those means, all 
the genes of one group that had tenfold higher expression levels compared to mean of 
the other groups combined were determined (pair-wise analysis). The complete list of 
enriched genes by fetal age and by germ cell stage (Supplementary Table S1).

Monocle analysis: To rank the 129 female germ cells by their maturation status, we 
utilized the R implementation of Monocle 15 in Bioconductor 40. We selected genes with 
>5 TPM in at least 4 cells. That set of genes (13793 genes) was intersected with the set 
of 72 genes of interest, reducing the list of genes to use in monocle to 66 genes (SOX2; 
HORMAD2; TDRD5; DNMT3L; CYP11B1; SULT2A1 were not expressed in the Guo dataset 
and thus excluded). We confirmed that our dataset is close to log-normal and proceeded 
with the analysis ranking cells by Monocle’s minimum spanning tree and pseudotime.

Filtering of single cells for allele specific analysis: we filtered further on allelic 
information, excluding cells from the lowest quintile regarding allelic reads or number of 
SNP-containing genes (53 female germ cells and 11 female somatic cells from our dataset).

Imprinting analysis: SNP-containing expressed genes were categorized as 
“confirmed imprinted” only if denoted as "imprinted paternal" or "imprinted maternal" (16, 

17 and geneimprint.com) (Supplementary Table S2). Other categories including provisional 
data, predicted, isoform dependent, reported to be imprinted, conflicting data, and no 
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reports of imprinting status (orthologue to an imprinted gene in mice) were excluded 
from further analysis, as analysis showed that SNP-containing expressed genes from this 
“predicted imprinted” gene list do not appear to be imprinted in the somatic cells. We 
used the latest HUGO annotation for all genes not found in our dataset.

X inactivation analysis: Only cells with at least 3 SNP-containing expressed proper 
X-linked genes were considered for analysis. SNP-containing expressed genes that 
were reported to escape XCI in both following studies 12, 13 were analysed separately 
(Supplementary Table S3). For each the X-linked gene, the allele with the most read 
counts was considered “active”. Boundaries of bins were determined such that transcripts 
are equally distributed per bin; except in Fig. 4b where the smallest sample pool, the 
LGC+MGC, determined bin-size (3 bins) for X-linked genes in PGC and somatic cells. 
Analysis of differential expression between the 11 PGC undergoing X reactivation (XiXa) 
and the other PGC (XaXa) was performed and significance considered at p<0.05. For the 
analysis of the X chromosome expression bias in the PGCs of the Guo et al 10 dataset, 
the expressed X-linked genes (excluding escapees) that harboured SNPs per donor were 
identified. After that, the median of allelic bias per PGC in each donor was plotted. 

DNA methylation external data sets: From DNA methylation data (.bed files) from 
the GEO database GSE63818 10, we extracted genomic coordinates for several imprinting 
control regions of H19/IGF2 (chr11: 2,021,070-2,021,302), KCNQ1/KCNQ1OT1 (chr11: 
2,721,173-2,721,297), DLK1-DIO3/MEG3 (chr14: 101,292,152-101,292,376), SNURF-
SNRPN/UBE3A (chr15: 25,200,010-25,200,249) and PEG3 (chr19: 57,351,942-57,352,097) 
41 and the promoter region of DDX4 (chr5: 55,029,104-55,029,220) and DPPA5 (chr6: 
74,063,525-74,063,669) 10. Next, we calculated the average methylation rates of CpG-
context cytosines (±standard deviation). The methylation datasets pooled for “germ 
cells” were four female KIT-positive germ cell samples (10wk replica1, 10wk replica2, 
11wk, 17wk) and for “somatic cells” were eight somatic samples (5wk brain, 5wk heart, 
KIT-negative sorted gonadal somatic cells from 7wk, 10wk, 11wk, 19wk male and 17wk 
female).

FACS sorting and dna methylation analysis
FACS sorting: Human gonads from two individual female foetuses (14wk and 16wk) 

were dissociated to single cell suspension using 1mg/ml Collagenase II (Thermo Fisher, 
17101015) in 0.25% Trypsin EDTA (Thermo Fisher, 25200056) overnight at 4°C. The cells 
were re-suspended in 1% BSA in PBS and immunostained with EPCAM-VioBlue (1:100, 
130-098-092, Miltenyi Biotech), TNAP-488 (1:100, 561495, BD Biosciences) and KIT-APC 
(1:400, 550412, BD Biosciences) for 45min at 4°C in the dark. Thereafter, the cells were re-
suspended in FACS buffer (1% BSA and 2mM EDTA in PBS) and prior to FACS-sorting, 7AAD 
(1:100, 420403, ITK Diagnostics) was added. Cell sorting was performed on BD FACSAria III 
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(BD Biosciences, Erembodegem, Belgium) using BD Diva 8.0.2 software. Sorted cells were 
snap frozen and stored at -80°C before further analysis. 

DNA bisulfite conversion: Sorted germ cells, somatic and maternal tissue were 
lysed in 1mg/ml Proteinase K (Qiagen, 19131) in 10mM Tris-HCl (pH 8.5) for 1 hour at 
56°C and directly used for bisulfite conversion using EZ DNA Methylation-Lightining kit 
(Zymo Research, D5031) according to manufacturer instructions. Regions of interest 
were amplified from bisulfite converted DNA (bsDNA) template using Platinum-Taq 
DNA polymerase (Invitrogen, 10966018) with tailed locus specific primers from the 
different ICRs 41 (with adaptors for sequencing) and the proximal promoter containing 
the transcriptional starting site (TSS) of H19 (Supplementary Table S4) and the following 
PCR parameters: 5min 96°C; 50 cycles of (45s 94°C; 45s 58°C; 45s 72°C); 10min 72°C; 4°C. 

NGS sequencing: Samples were barcoded and the amplicons converted to Illumina-
compatible NGS libraries and sequencing was done using the MiSeq (Illumina) with the 
600bp v3 reagents kit following the manufacturers instructions. Using Illumina's pipeline 
(bcl2fastq.2.17.4) the fastq files for the individual samples were generated.

DNA methylation analysis: Data was cleaned from adaptor sequences and a 
minimum of a read length (50) and base quality (15) was ensured using Cutadapt v1.9.1 42 
with settings: -q 15 --minimum-length 50. The paired read sequences were merged using 
FLASH v1.2.11 43 with default settings. Next, the merged sequences were aligned to the 
bisulfite converted genome using Bismark v0.18.2 with settings: --ambiguous -N 1 -p 3 44. 
Bismark methylation extractor was then used to get the methylation pattern per read. 
Custom scripts were used to count the reads with different methylation patterns and 
to separate the aligned reads based on the SNP allele (frequency >5%) and put them in 
separate alignment files. Visualization of methylated CpGs in the regions of interest was 
performed based on Tabsat v1.0.2 45.

Cloning bisulfite-amplicons: To analyse the methylation in the H19 TSS region, 
these amplicons were cloned using the TOPO TA Cloning kit Dual Promoter (vector 
pCRTMII-TOPO and TOP10 competent bacteria) (Invitrogen) following the instructions 
of the manufacturer. The obtained colonies were screened by PCR and positive colonies 
analysed by Sanger sequencing.
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Supplementary Figure S1: Dynamic expression of germ cells markers in human female gonads 
from 5-39.5wk.
(a) Histology sections of female gonads immunostained with POU5F1 and DDX4 (top row) and 
magnifications in the bottom row. White arrows show DDX4-positive germ cells that are negative 
for POU5F1. Scale bars represent 50 _m in top row and 10 _m in bottom row.
(b) Histology sections of female gonads immunostained with different combinations of POU5F1, 
DDX4, KIT, PDPN. White arrows show POU5F1-positive/PDPN-positive/KIT-positive germ cells at the 
surface of the 39.5wk. Scale bars represent 50 _m in all rows.
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Supplementary Figure S2: Individual human female germ cells cluster by developmental stage.
Spearman correlati on of single-cell transcriptomic profi les of germ cell related genes (see Fig 1b) 
combining our single-cell human female dataset with the online available single-cell human female 
dataset from Guo et al., 2015 to a total of 129 female germ cells and 26 female somati c cells from 9 
diff erent donors. In the top part, each single cell is represented coloured by week of development, 
donor embryo and cell type (developmental stage). Note that the cells cluster by developmental 
stage (PGC, LGC, MGC).
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Supplementary Figure S3: Developmental characteristics of the human female germ cells.
(a) Minimal spanning tree (monocle) providing developmental trajectory of female germ cells. High 
quality female germ cells, combining our single-cell human female dataset with the online available 
single-cell human female dataset from Guo et al., 2015 to a total of 129 female germ cells and 26 
female somatic cells from 9 different donors. Pseudo-time is determined by projecting all cells on 
the trunk (main connecting line) and is concordant with development stage (PGC, LGC, MGC). 
(b) 10-fold enrichment transcriptional signature in female adrenal and germ cells (our female germ 
cell dataset combined with the female germ cell dataset from Guo et al., 2015) per developmental 
age group (4wk, 8-11wk, 14-17wk) (left panel) and germ cell stage group [primordial germ cells 
(PGC), late germ cells (LGC) and meiotic germ cells (MGC)] (middle panel). The number of 10-fold 
enriched genes is depicted on the left side of the plots. The full list of genes in each category is given 
in Supplementary Table S1.

Abel.thesis.v14.indd   48 23/03/18   16:05



 49 

2

(c) Filtering single cells on total read count and SNP-containing gene counts. To reliably compare 
allelic expression, cells with b¬¬oth high read- and SNP-containing gene count were selected. The 
cells in the lowest quintiles (20%, dotted lines) of the samples in each dimension (cells in red) were 
not used for the allelic expression analyses. 
(d) Graph depicting the percentage (%) of different human tissues showing imprinted expression of 
imprinted genes belonging to the 5 studied imprinted gene clusters (IC genes) and the rest (non-IC 
genes). The number of different tissues showing expression is denoted as the colour of each dot 
(gene) from yellow to red. The dataset used was from Baran et al.
(e) Percentage (%) of genes [imprinted genes belonging to the 5 studied imprinted gene clusters (IC 
genes) and autosomal genes] showing expression from the expected allele in somatic cells, germ 
cells and all cells. The number of IC-genes was 14 and the sum of observations in somatic cells and 
germ cells is depicted; the number of autosomal genes analysed in all cells was 68 and the number 
of observations taken was 1000 per gene. 
(f) Methylation rate of the selected imprinting control regions from each germ cell sample. The 
datasets used were from Guo et al. As control, the promoter region of DDX4 and DPPA5 demethylated 
in germ cells is also depicted.
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Supplementary Figure S4: DNA methylati on of imprinti ng control regions in FACS-sorted human 
female germ cells.
(a) FACS gati ng strategy for the isolati on of diff erent germ cell populati ons identi fi ed in the 16wk 
female gonad. Live cells (7AAD-negati ve) were separated into EPCAM-negati ve somati c cells and 
EPCAM-positi ve germ cells. Thereaft er, KIT-negati ve MGC; KIT-positi ve, ALPL-low LGC; and KIT-
positi ve, ALPL-high PGC populati ons were sorted.
(b) Methylati on rati os per CpG positi on along each ICR region. Coloured circles represent the 
average methylati on per CpG positi on across all reads per sample. FACS-sorted germ cells (PGCs 
and MGCs), somati c, and maternal ti ssues of two diff erent individuals (14wk and 16wk) were 
analysed. Corresponding tables on the right show total read counts, as well as read counts and 
fracti ons for reads binned into 3 categories: methylated, unmethylated, parti ally methylated reads. 
Two informati ve SNPs (rs2302376 and rs2071094) allowed to separate maternal (M, pink) and 
paternal (P, blue) reads for the H19 and PEG3 loci in the 16wk and 14wk individual, respecti vely.
(c) Methylati on status per CpG positi on in the proximal promoter region bordering with the 
transcripti onal starti ng site (TSS) of H19 in FACS-sorted PGC, somati c, and maternal ti ssues of two 
diff erent individuals (14wk and 16wk). Each row represents a diff erent read, white circles represent 
an unmethylated CpGs, black circles methylated CpGs and grey crosses represent no informati on at 
that CpG positi on. Red line marks the positi on of the TSS.
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Supplementary Figure S5: Selected chromatin marks in male and female germ cells during 
development.
(a-e) Histological sections of 4wk (a), 9wk (b), 18wk (c, d) and 39.5wk (e) female gonads immunostained 
for histone H3 lysine 27 trimethylation (H3K27me3) and germ cell markers (early-marker POU5F1 
and late-marker DDX4) identify all germ cells (in red). Inserts in (a,b) depict magnified field and 
white arrows point to perinuclear foci of H3K27me3, probably corresponding to the reactivating 
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X chromosome. White arrows in (d) point to characteristic perinuclear foci of H3K27me3 (silent X 
chromosome) in female somatic cells. 
(f-g) Histological sections of 6.5wk (f) and 9wk (g) male gonads immunostained for H3K27me3 and 
germ cell markers (early-marker POU5F1 and late-marker DDX4) identify all germ cells (in red). 
(h) Histological sections of 9wk female (left) and male (right) gonads immunostained for histone H3 
lysine 9 trimethylation (H3K9me3) and germ cell markers (early-marker POU5F1 and late-marker 
DDX4) identify all germ cells (in red).
(i) Histological sections of 9wk female (left) and male (right) gonads immunostained for histone H3 
lysine 4 dimethylation (H3K4me2) and germ cell markers (early-marker POU5F1 and late-marker 
DDX4) identify all germ cells (in red).

Supplementary Figure S6: XCI state of female germ cells. 
(a) Cartoon depicting how Figure 3c was generated: (left) each dot reflects the sum of paternal 
and maternal reads of an autosomal chromosome (black dots) or the X chromosome (orange 
dots) per single cell; (middle) bins were created to contain the same amount of dots and per bin 
the confidence interval that contained 95% of the autosomes was calculated; (right) 29% of the 
X chromosomes of PGCs fell outside the 95% interval. There are 3 categories of PGCs: with two 
active X chromosomes (orange dots); with a paternally active X chromosome (blue dot) and with a 
maternally active X chromosome (blue dot).
(b) Allelic expression as the sum of maternal and sum of paternal allele specific read counts of SNP-
containing genes per chromosome per single cell in log2 scale, instead of read counts (Fig. 3c). The 
read counts of the X chromosome exclude the escapes. In orange circles are the germ cells that fall 
outside the 95% interval on autosomal chromosomes.
(c) Allelic expression as the geometrical mean (G.mean) of maternal and of paternal allele specific 
read counts of SNP-containing genes per chromosome per single cell. The read counts of the X 
chromosome exclude the escapes. The yellow area in each bin corresponds to the 99% interval on 
autosomal chromosomes in that bin, marking the boundary of significant allelic bias.
(d) Correlation between female germ cell ranking in pseudo-temporal order (monocle) (Fig. 1e) and 
the chromosome X reactivation ranking (Fig. 3e). The grey dashed line separates PGC from LGC and 
MGC. In black circles are the female germ cells (11 PGCs) that felt outside the confidence interval 
that contained 95% of the (biallelic) autosomes.
(e) XIST expression in single cells per cell type [somatic male cells (MALE), female adrenals cells 
(AD), female somatic gonadal cells (GO), primordial germ cells (PGC) and pooled late and meiotic 
germ cells (LGC+MGC).
(f) XIST expression in single female germ cells ranked in pseudo-temporal order as determined by 
monocle (left panel) and ranked by X chromosome reactivation progression (right panel). Germ cells 
are coloured by developmental stage.
(g) Systematic analysis of allelic expression bias in the Guo et al data. Allelic expression bias of the 
all SNP-containing, non-escapee X-linked genes that could be identified from expression data in 
8wk (D8) embryo (8 genes, top panel), 11wk (D10) embryo (1 gene, middle panel) and 17wk (D11) 
embryo (7 genes, bottom panel). Each dot represents expression bias of each of the SNP-containing 
non-escapee X-linked genes towards one of the alleles (50% means 50:50 expression; 100% means 
monoallelic expression towards one allele) per PGC. Each embryo has several PGCs that showed a 
median of monoallelic ratio above 95% (marked in red): in 8wk (D8) embryo [6 out of 18 (33.3%), 
top panel], 11wk (D10) embryo [5 out of 8 (62.5%), middle panel] and 17wk (D11) embryo [6 out of 
31 (19.4%), bottom panel].
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“Do or do not. 
There is no try” 

(The Empire Strikes Back, 1980)
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Abstract
The switch from mitosis to meiosis is a major transition that takes place in germ 

cells. This transition consists of many steps. The precise sequence and the different gene 
expression programs activated during these multiple steps are only partly known. Here, we 
applied single-cell mRNA sequencing to overcome these limitations. We specially isolated 
germ cells entering meiosis using a Dazl-GFP reporter. Dazl is an RNA-binding protein 
involved in the initiation of meiosis. In the testis, it is only expressed in early germ cells, 
which allowed us to sort and sequence single GFP+ germ cells from the testes of Dazl-GFP 
mice. Next, we identified 4 distinct, subsequent meiotic stages with unique transcriptome 
profiles. Finally, we reconstructed the complete timeline of the meiotic entry in silico, 
from spermatogonia up to pachytene, identifying changes with an unprecedented 
resolution. This allowed us to characterize 3 major transitions in the meiotic prophase 
1 of the male germline: meiotic entry, the meiotic sex chromosome inactivation (MSCI), 
and the pachytene transcriptional activation. Meiotic entry is initiated following the 
downregulation of a tightly connected set of pluripotency factors and accompanied by 
a global transcriptional silencing. Subsequently sex chromosome inactivation occurs in 
zygotene, and genes were silenced in a defined order, related to gene function. 

Introduction
Most cells divide using mitosis, but once in every sexual life cycle, germ cells 

undergo meiosis to form haploid gametes. In males, the transition from spermatogonia to 
spermatocytes marks the switch from mitosis to meiosis. However, the precise sequence 
of developmental transitions occurring upon spermatogenesis is not fully understood. 

Spermatogenesis is a complex differentiation process that involves proliferation, 
meiotic division, and finally the generation of haploid germ cells. This process is accompanied 
by major transcriptional and morphological changes that are not fully understood. Cells 
in spermatogenesis are currently classified according to their cell cycle stages, which are 
further divided into more than 20 stages based on cell morphology. However, separating a 
continuous process into stages is solely based on the morphologist's ability to distinguish 
cells and is therefore somewhat arbitrary (Griswold 2016). Beyond morphology, there is 
a need to define developmental progress in an unbiased, transcriptome wide manner. 

Previous studies have been limited by the lack of definitive stages and by the 
sensitivity of transcriptome wide methods. To overcome these limitations in sensitivity, 
pools of cells are dissected out of the tissue from predefined stages, and isolated 
either by FACS-sorting (Hammoud et al. 2014; da Cruz et al. 2016), or by laser capture 
microdissection (Jan et al. 2017). Regardless of the approach, such categorical comparison 
is always sensitive to the underlying definition of stages and their boundaries, which is 
especially problematic for a continuous developmental process. Clearly, multiple cell 

Abel.thesis.v14.indd   56 23/03/18   16:06



 57 

3

stages are present within the tissue at a specific time and sub-populations cannot be 
precisely deconvoluted using current methods

In this work, we focused on meiosis I, because three subsequent and not fully 
understood events take place during this time: meiotic commitment (Sun et al. 2014) 
& entry, meiotic sex chromosome inactivation (Turner 2015) and pachytene genome 
activation (Fallahi et al. 2010; da Cruz et al. 2016).

Understanding meiotic entry is a key step in controlling meiosis as following stages 
of meiosis are executed in an autonomous manner (Sun et al. 2014). Recapitulating 
meiosis in vitro is a major gap in germ cell differentiation protocols, which in turn limits our 
ability in fertility therapy (Zhou et al. 2016). In order to overcome current differentiation 
protocols reliance on co-culturing with somatic cells, a better understanding and control 
of meiotic entry is needed.

In subsequent leptotene and zygotene stage, male and female meiosis differ in 
how sex chromosomes align. While in females all chromosomes can form homologous 
pairs and recombine, in males, the X and Y chromosomes only share a small homologous 
region, the pseudoautosomal region (PAR). The unpaired nonhomologous regions of X 
and Y subsequently acquire repressive chromatin marks (Khalil, Boyar, and Driscoll 2004; 
van der Heijden et al. 2007) and form the sex-body within the nucleus. The silencing of the 
X and Y chromosome during male meiosis is called meiotic sex chromosome inactivation 
(MSCI) (Henderson 1963; Turner 2015). MSCI is thought as a special case of meiotic 
silencing of unsynapsed chromatin (MSUC) (Shiu et al. 2001), and it is essential (Royo et 
al. 2010) and specific to male meiosis. The purpose of MSCI is not understood (Turner 
2015). Its most accepted functions are thought to be the protection of DNA (McKee and 
Handel 1993; Checchi and Engebrecht 2011), a meiotic checkpoint (Vernet et al. 2016), 
or a secondary effect of the ancestral MSUC function (Turner 2015). Besides the ‘why’ it 
is also unclear how meiotic sex chromosome inactivation proceeds. Although multiple 
molecular players are known, the regulation is not evident, and it is unclear if there is a 
precise sequence in inactivation.

Finally, although it is long known that pachytene coincides with a major 
transcriptional activation (Monesi 1965), recent work related this program to meiotic 
commitment in yeast (Fallahi et al. 2010), and pointed out unexpectedly early expression 
of post meiotic genes (da Cruz et al. 2016). 

We set out to draw a single-cell transcriptome-wide atlas from meiotic commitment 
until prophase I, which is the earliest phase of meiosis. To gain a comprehensive insight, we 
sequenced mRNA from 1880 single cells, and delineated the changes in gene expression. 
Via in silico reconstruction of the timeline, we propose the precise sequence of transitions 
occurring from meiotic commitment to prophase I. This sequence reveals a fine transition 
through 4 previously uncharacterized meiotic steps and analyze the pattern of gene 
silencing necessary for sexual chromosomes.
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Fig1. Single cell mRNA sequencing identi fi es fi ve subtypes of Dazl-GFP+ germ cells, which 
correspond to subsequent stages of prophase 1.
a.) Transcriptome-wide k-medoids clustering identi fi es 5 clusters among 1274 high quality Dazl-
GFP+ cells. Spearman correlati on coeffi  cients show homogenous (uniformly red) and disti nct 
spermatogonial (cl. 1) and pachytene (cl. 5) stages, and that the 3 intermediate leptotene and 
zygotene stages are more heterogeneous. 
b.) Cell-to-cell diff erences visualized on t-SNE map. Stages along the curve show consecuti ve stages 
of prophase-I from left  (cl. 1) to right (cl. 5). Colors and numbers indicate clusters (as determined in 
panel A) and represent spermatogonial (cl. 1), leptotene I (cl. 2), zygotene I (cl. 3), zygotene II (cl. 4) 
and pachytene (cl. 5) stages. Each dot represents a single cell. 
c.) Expression of the selected marker genes. No sorted cells express the Sertoli specifi c reti nol 
binding protein 4 receptor (Stra6) or the Leydig cell marker anti -Mullerian hormone (Amh), showing 
that the Dazl-GFP based sorti ng strategy yields a populati on of germ cells. All cells express the FACS 
sorti ng marker Dazl-GFP mRNA. Dazl mRNA downregulated at pachytene stage, while the protein 
disappears only at diplotene. Synaptonemal Complex Protein 3 (Sycp3) is a core component of the 
synaptonemal complex connecti ng homologous chromosomes in meioti c prophase. Cluster 1 cells 
express spermatogonial markers Lin28a (progenitors) or Kit (diff erenti ati ng spermatogonia). 
Cluster 2 cells uniquely express the (pre)leptotene marker Stra8, a key inducer of meiosis. Cluster 
3 cells the meiosis specifi c Cyclin B3 (Ccnb3) gene, which is located on the X chromosome, marking 
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Results

Single-cell sequencing of germ cells identifies 4 stages of 
prophase I based on transcriptome-wide gene expression

To overcome the limitations related to isolation and categorical comparisons, we 
FACS sorted Dazl-GFP+ germ cells, applied single-cell mRNA sequencing, and established 
categories based on transcriptome-wide data. We isolated cells from testes of Deleted 
in Azoospermia-Like- (or Dazl-) GFP mice (H. H. Chen et al. 2014), and we sequenced 
1880 single cells from 3 mice using the SORT-seq protocol (Muraro et al. 2016) (SOM) . 
After trimming and sequence alignment to the mm10 reference transcriptome (SOM), 
we discarded low quality cells with fewer than 3000 unique transcripts. The remaining 
1274 high quality germ cells had a median of 20488 unique transcripts (Fig.S1 A). Unique 
transcript counts were downsampled to 3000 then scaled to 20488, which allowed us to 
compare the relative expression across cells. 

  To establish whether transcriptional changes are indeed a continuum or are 
separated into distinct steps, we classified cells by transcriptome-wide, unsupervised 
k-medoids clustering on the Spearman correlation of gene expression across each cell. 
Cells were clustered in 5 groups (Fig.1 A, B) based on all genes with at least 10 transcripts 
in minimum 50 cells. Importantly, we did not predefine the number of expected stages, 
but instead estimated the most meaningful number of stages based on the within cluster 
dispersion of data points (Grün et al. 2016). The established clusters are also supported 
by saturating gap statistics, a positive cluster silhouette, as well as by high Jaccard indices 
across bootstrapping rounds, which indicates that the clusters are reproducible (Fig S1 
C-E, SOM). We also show that clustering is not determined by animal-to-animal variation, 
preparation batch variation or library complexity (Fig S2). After we ruled out batch effects, 
we excluded contamination from somatic compartment by showing no expression of 
Sertoli or Leydig cell specific markers (Fig.1C-D) (Griswold 2016; O’Shaughnessy, Morris, 
and Baker 2008) and high expression of Dazl, and that of the meiotic prophase marker 
Sycp3 (Fig.1E-F). 

the last stage where sex chromosomes are expressed (zygotene I). Cluster 4 cells upregulate H2A 
histone family member X (H2afx), the histone variant associated with meiotic sex chromosome 
inactivation in zygotene II. Cluster 5 cells specifically express many genes related to the function of 
spermatocytes. e.g.: lactate dehydrogenase C (Ldhc), testis-specific enzyme in anaerobic glycolysis, 
producing energy in motile sperm.
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Cluster 1 cells express Dmrt1 (Matson et al. 2010) and Kit (Yoshinaga et al. 1991), a 
marker for differentiating spermatogonia. To some extent they express progenitors markers 
like Lin28a (Chakraborty et al. 2014) (Fig.1 E-F). Cluster 2 cells express the preleptotene 
marker Stra8, a key gene in meiotic entry (Anderson et al. 2008) (Fig.1 G). Cluster 3 cells 
express the zygotene specific Cyclin B3 (Ccnb3) (Nguyen et al. 2002), which is located on 
the X chromosome, marking the last stage where sex chromosomes are highly expressed 
(zygotene I) (Fig.1 H). Cluster 4 cells upregulated H2A histone family member X (H2afx), 
the histone variant associated with meiotic sex chromosome inactivation (MSCI) (Fig.1 I). 
Cluster 5 cells specifically express the pachytene marker lactate dehydrogenase C (Ldhc), 
a testis-specific enzyme in anaerobic glycolysis (Goldberg et al. 2010).

Taken together, we concluded that Dazl+ cells are representative of 5 biological 
sub-populations with specific transcriptome signatures.

Identified cell clusters correspond to subsequent stages of 
prophase I

 To extend the characterization of cell clusters, we compared their gene expression 
by differential gene expression analysis (Table S2, Data S2). Cluster 1 on the right edge 
of the t-SNE map, encloses 30% of the cells (Fig S2A), which are all characterized by high 
expression of Dmrt1 and markers of mitotically dividing cells, as Ccnd1, Cenpa, Mcm2 as 
well as Ccdc6, Gsr, Ccdc6, and Crabp1. Most cells are Kit+, but we also find the expression 
of markers for the undifferentiated state, like Lin28a or Uchl1 (Griswold 2016; J. Luo, 
Megee, and Dobrinski 2009) . While these markers are more prominent in the Kit- fraction, 
there is also an overlap with Kit expression (Data S1). Therefore both transcriptome wide 
homogeneity and marker genes expression support a gradual differentiation in a single 
spermatogonial state (Fig.1B, Data S1).

On the other end of the t-SNE map 36% of the cells form Cluster 5. These cells are 
characterized by high expression of pachytene markers such as the Adam genes, Ldha, 
Ldhc, Crisp2, Ybx genes, Meig1, and Piwil1 (Jan et al. 2017) (Data S1). Consistent with 
previous observations, we observed that pachytene cells widely express post-meiotic 
genes (da Cruz et al. 2016). These two clusters are defined by a large number of uniquely 
expressed genes within our dataset (Table S2).

Between these two well-defined clusters we find 3 other clusters that show fewer 
cluster-specific genes and are therefore largely determined by a unique combination of 
downregulated and upregulated genes. We found that Cluster 2 cells are in preleptotene, 
showing the expression of Stra8, Prdm9, as well as double strand break related genes 
such as Dmc1, Mei1 and Tex15.

The subsequent two clusters 3 & 4 correspond to zygotene cells and they are 
separated by meiotic sex chromosome inactivation. While both clusters highly express 
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Sycp1 & 3, clusters 3 cells highly and specifically express a number of sex chromosomal 
genes: Ccnb3, of Pet2, Ube2a, Zfy1, Zfy2, Usp9y, Tktl1, Fmr1, and Scml2. Cluster 4 cells 
express residual amounts of sex chromosomal genes, however they show the peak 
expression H2afx, the key player in meiotic sex chromosome inactivation, as well as Gnas, 
Elavl3, Gml and Mnd1.

Taken together we concluded that Clusters 1-5 recapitulate the timeline of 
prophase 1. We note that there are multiple genes that do not coincide with established 
clusters, and that zygotene can be divided into pre-MSCI and MSCI stages. As identified 
clusters represented subsequent stages of prophase I, we decided to extend our analysis 
to an unbiased, classification/staging-free analysis.

Time resolved, transcriptome wide gene expression maps 
show a continuous development after preleptotene 

 Multiple recent approaches successfully reconstructed temporal order from 
single-cell transcriptomes using principal curves (Petropoulos et al. 2016), TSCAN (Ji and 
Ji 2016), and Monocle 2 (Qiu et al. 2017). We reconstructed temporal order in our data 
set by all three methods (Fig.S3) and shown that all result in very similar reconstructions 
(Pearson CC > 0.95) (Fig.2A, SOM). From the 3 reconstructions we calculated a consensus 
pseudotemporal order (Fig.2B), which we used to construct a transcriptome wide map of 
transcriptional changes. 

We found that the reconstructed order correspond to the previously determined 
order based on gene expression in clusters 1-5 (Fig.2C). We also noticed that the 
reconstruction is precisely predicting that Lin28a is expressed in early-stage spermatogonia 
(Chakraborty et al. 2014), and that X chromosomal Cyclin B3 (Ccnb3) silencing exactly 
coincides with H2afx activation during zygotene. 

To further validate the pseudotemporal ordering, we show that expression 
of large sets of annotated genes happen in the expected order (Fig.2D). For example, 
spermatogenesis related genes accumulate starting from preleptotene while sperm 
motility related genes increasingly accumulate starting from pachytene. The total sex 
chromosomal expression decreases before H2afx expression reaches its peak.

Next, we extended our analysis to all previously analyzed genes that used in Fig1-2, 
and classified genes based on when then peak in pseudo-time (Fig.2E). As an example, we 
show all genes’ z-score normalized expression profile in class 3 (Fig.2.F). 

Based on the identification of expression peaks, we extended our analysis to all 
detected genes with a robustly defined expression peak. First, we identified time-specific 
(peak) genes transcriptome wide (SOM, Fig S4), and then we ordered these based on peak 
timing (Fig.3 A,B). This map of uniquely expressed genes show the 3 most transcriptionally 
complex stages (spermatogonia, preleptotene and pachytene), and highlights the 
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magnitude of changes upon meiotic entry. Note that Dazl expression sets the boundaries 
of our map, thus genes that appear to all peak at the edges, may in fact continue to 
increase their expression beyond this map. Taken together we created a compendium of 
temporally resolved gene expression changes in meiotic prophase 1.

Silencing of an n-Myc related transcriptional hub coincides 
with global silencing during meiotic commitment and entry

To get a comprehensive view on gene expression changes upon meiotic entry, we 
compared the transcriptome of spermatogonial and preleptotene cells (Fig.4A, Table S4). 
We found that in addition to spermatogonial and mitotic markers there is a silencing of 
ribosomal and housekeeping genes (Data S3), and we show that housekeeping genes’ 
expression fluctuates throughout meiotic prophase (Data S4). The general loss of 
housekeeping transcriptome explains the global loss of transcripts from meiotic entry 
until pachytene activation (Fig.2D). Cells after leptotene silencing contain roughly half of 
the RNA detected in spermatogonia. This remains constant until pachytene when cells’ 
RNA content increases roughly 9-fold (Fig.2D). This transient silencing coincides with 
the last round of DNA replication and exactly replicates early radiographic observations 
(Monesi 1965).

We analyzed GO terms enriched on the interaction network of the at least 2 
fold up and downregulated coding genes (SOM). While the top-5 terms (FDR<1e-24) 
in spermatogonia were all associated with metabolism and gene expression, the top-5 
terms (FDR<1e-14) in leptotene were all associated with meiosis. Analyzing the complete 

Fig.2. Pseudotemporal reconstruction allows to explore gene expression with high temporal 
resolution, and it is consistent with events of prophase I
a.) Pseudotemporal ordering is consistent across 3 different reconstruction methods (R > 0.95) and 
it is consistent with the order of stages defined by marker genes (colors). Each cell is a dot ordered in 
3 dimensions according to the pseudotime calculated by each algorithm (scaled 0-100) and colored 
as in Fig.1. 
b.) Pseudotime of individual cells color coded on the t-SNE map. 
c.) Expression of marker genes from Fig. 1 resolves genes expression dynamics in a higher resolution, 
e.g. it shows that Lin28 expression precedes that of Kit. Z-score normalized rolling averages (window 
100) are displayed. 
d.) Relative total mRNA count (grey dotted line, 0 to 1) and expression of large gene sets over 
pseudotime. While expression from the sex chromosomes disappears in zygotene (red), the 
expression of spermatogenesis related genes increases from leptotene (green), followed by an 
increase in sperm motility related genes (blue).
e.) K-means clustering of the 1077 genes used for clustering identifies specific peaking time for each 
class. Clustering was done on z-transformed moving averages of normalized gene expression.
f.) Traces of all genes in class 3 show a clear expression peak between 400 and 600. The 3 genes with 
the sharpest peak (the highest maximum z-score) are highlighted in color.
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Fig.3. Identi fi cati on of all peaking genes 
show that leptotene stage has the one 
of the most unique transcriptome in 
prophase I
a.) Z-score normalized rolling average of 
raw transcript counts of all peaking genes 
ordered by peaking ti me. Note that the 
number of unique genes specifi c to the 
fi rst (spermatogonia) and last (pachytene) 
cluster is infl ated by nonspecifi c genes 
extending beyond our ti me axis.  
b.) Individual traces of selected genes 
with specifi c and consecuti ve expression 
patt ern. Like Dazl, Rbpms2 is one of the 
many RNA-binding proteins involved in 
spermatogenesis, and it is specifi cally 
expressed in leptotene.
The transcripti on factor Zfy2 is one of 
the three genes necessary for a minimal 
Y chromosome complement, and it is 
expressed in zygotene I. Gml (or Hemt) 
is an uncharacterized gene that shows 
expression from zygotene onwards.
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list of enriched terms mirrors the listed top enriched terms (Table S4), clearly showing 
the catabolic genes (and not anabolic gene, 24 vs. 0 terms). Nevertheless silencing -or 
transcriptional repression- also appears to specifically silence genes related to mitotic 
proliferation and meiotic suppression (Fig 2B [gene names will be added next to a smaller 
heatmap]). 

To find out what regulates this transition, we analyzed the transcription factor 
binding site enrichment in the promoters of all 2-fold differentially expressed genes 
(SOM) (Kuleshov et al. 2016; Portales-Casamar et al. 2010; Matys 2006). Surprisingly, 
while 8 transcription factors showed highly significant (p<0.01) binding site enrichment 
in the spermatogonial genes (Fig.4D), no transcription factor was unique to leptotene 
genes. Nevertheless Sp1 and Smad4, showed a highly significant enrichment in both gene 
sets (Table S4). 

Next, we analyzed the interaction of the identified transcription factors 
(Szklarczyk et al. 2017), and found that spermatogonial expression is driven by a tightly 
interconnected hub of transcription factors embedding Myc (Fig.4C). By directly analyzing 
transcription factor expression we found that n-Myc, a similarly potent (Nakagawa et al. 
2008) and spermatogonia specific (Braydich-Stolle et al. 2007) member of the Myc family 
is indeed specifically expressed across all Lin28+ and Kit+ spermatogonia. Myc is a known 
transcriptional activator when directly bound to its DNA recognition sequence CACA/GTG 
(Adhikary and Eilers 2005), and it is believed to regulate 15% of all genes (Gearhart, Pashos, 
and Prasad 2007). This could then explain the global decrease of the transcriptome size.

In summary, we found that within prophase I, meiotic entry corresponds to the 
largest gene expression change (Fig .3A). As expected, it is characterized by a change from 
a proliferative catabolic metabolism to meiosis related gene function. Meiotic entry is 
also accompanied by a massive loss of transcripts, possibly related to the silencing of the 
Myc-related transcription factor hub. 

34% of the sex chromosome genes are induced right 
before sequential inactivation by MSCI, highlighting its role 
in gene regulation.

 The second wave of extensive transcriptional silencing in prophase I is meiotic sex 
chromosome inactivation (MSCI) (Henderson 1963; McKee and Handel 1993). We were 
interested how reported autosomal regulators of the process behave, and what patterns 
on sex chromosomes we find during silencing?

 First of all, we classified all sex chromosomal genes along pseudotime and found 
that they are globally silenced at a specific time after zygotene (cluster 4, orange, Fig 5A). 

Abel.thesis.v14.indd   65 23/03/18   16:06



66  

3

Fig.4. Meiotic entry is coupled to a downregulation of a tightly connected set of transcription 
factors, and shows a temporary transcriptional silencing.
a.) 390 genes are at least 3-fold upregulated in spermatogonia (Cl.1) and 181 genes are upregulated 
leptotene I cells (Cl.2) when compared against each other, at p<1e-5 (highlighted in red). Selected 
gene names are displayed. All significant genes are listed in Table.S.4.
b.) Z-score normalized expression heatmap of at least 3-fold, significantly up- or downregulated 
genes in spermatogonia or leptotene cells. Cells in each cluster are ordered in pseudotemporal 
order.
c.) A densely connected protein-protein interaction network of the 9 significantly enriched 
transcription factor identified behind spermatogonia specific gene expression. Among leptotene 
specific genes, only sp1 is significantly enriched. Transcription factors are identified as significantly 
enriched transcription factor binding sites within each differentially expressed gene set, based on 
the TRANSFAC and JASPAR databases. 
d.) List of enrichment values for each transcription factor.
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While the largest group of genes show spermatogonia specific expression, as suggested 
previously (Koslowski et al. 2006), all other genes show a transient induction during either 
the leptotene or the zygotene stage. While MSCI generally silences sex chromosomal 
genes, many of them seem to be induced immediately before, and then silenced by MSCI. 
These 2 broad patterns (spermatogonia specific and pre-MSCI induced) also explain why 
the total expression from both the X and Y chromosomes ramps up before MSCI (Fig. 5B).

Next, we confirmed that observed MSCI is correctly timed by showing that the 
silencing happens during zygotene stages, and that the expression of X and Y chromosomes 
anti correlates with the induction of H2afx (Fig. 5B, stages marked by a color bar on top). 
This is surprising because H2afx is ubiquitously present in histones all along the genomes, 
and it is thought to be regulated post-transcriptionally (Bellani et al. 2005; Turner et al. 
2004). 

There are three kinases described to regulate H2afx: Atm, Atr and Pkrdc, and as 
described by (Bellani et al. 2005), Atr can be the only regulator relevant for this process, 
because Pkrdc is not expressed, and Atm is expressed earlier. Atr however, is highly and 
steadily expressed from leptotene onwards (Fig 5C), suggesting that H2afx is constantly 
activated, when expressed.

Cells with an intermediate H2afx expression appeared to undergo MSCI, it is 
however unknown if genes are silenced in any particular order. The best studied example 
of a chromosome-wide silencing is the X chromosome inactivation (XCI) in female mice. 
Although unlike MSCI, XCI evolved to achieve dosage compensation, both are silencing 
events of an entire chromosome. X chromosome inactivation is primarily governed by 
chromosome structure (Nora et al. 2012; Engreitz et al. 2013), but in MSCI, it in unknown 
is there is a structural order. Yet we noticed that there is a visible variation in the time of 
silencing even when looking at the full time-window (Fig 5A). 

We looked at the expression level of peaking gene during the second half of MSCI 
(in cluster 4) and we identified a small set of genes with remarkably high expression (Fig 
5D). Among these late expressed genes is Scml2 (Sex comb on midleg-like 2), a testis-
specific polycomb protein, which regulates the ubiquitination state of H2afx (M. Luo et 
al. 2015). The latest silenced gene is Ndufa1, an X chromosome gene in the mitochondrial 
electron transport chain. 

Based on the functional cues in the latest silenced genes, we were interested if 
gene function is linked to silencing time more comprehensively. Therefore we analyzed 
all genes on the sex chromosomes and divided into fast- and slow-silenced categories 
calculating their characteristic silencing time (SOM). For each group, we calculated GO-
term enrichment compared to all sex chromosomal genes as background (SOM), and 
found that while early silenced genes are only significantly enriched in genes localized 
to the nucleus (43% of the genes, FDR<0.004), late silenced genes are also significantly 
enriched in genes localized to the cytoplasm (56%, FDR < 2e-6) or to mitochondria (19%, 
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FDR < 2e-5), supporting the notion that first nuclear regulatory genes, then catalytic genes 
are silenced (catalytic activity; 34%, FDR <0.008, Table S5). 

We also noticed that Ndufa1 is not only is the last gene to be downregulated, but 
it maintains a steady expression throughout pachytene. This might be explained by its 
role in mitochondrial energy production, and it seem to escape meiotic sex chromosome 
inactivation. 

We were curious if there are other genes that show robust expression after MSCI. 
We first calculated the average raw transcript counts in cluster 5, or pachytene cells 
(SOM). We found that 27 genes from the X chromosome, which had an average expression 
above 1 (Fig 5F). Given the typical sensitivity of single-cell mRNA sequencing, this could 
correspond to 10-100 transcripts. Among the highest expressed genes in pachytene we 
found Slitrk2, a gene whose expression pattern anti correlates with the expression of the 
X-chromosome (Fig 5G), similar to the expression of Xist from the X chromosome, only 
when it is silenced. Although there are no structural or functional similarities between the 
2 genes, we found it surprising, that while it is efficiently silenced before, it is expressed 
in pachytene. 

Fig5. A wave of gene expression on the sex chromosomes precedes meiotic sex chromosome 
inactivation (MSCI)
a.) 34% of sex chromosomal genes are induced specifically before MSCI. Genes are classified into 4 
classes by k-means clustering of Z-score normalized rolling average gene expression profiles. Class 1 
and 3 contains genes induced before, and silenced by MSCI. Class 2 contains spermatogonia specific 
genes,  while class 4 contains genes steadily expressed until MSCI. 
b.) Both sex chromosomes show increasing relative expression before a rapid silencing, which 
coincides with the induction of h2afx gene. Normalized expression values are divided by 100 for 
X, or by by 10 for the Y chromosome for visualization. Dashed lines indicate the start and maxima 
of h2afx transcription, also marking the start and end of MSCI. Pearson correlation coefficients 
between the sex chromosomes' and H2afx's expression during MSCI < 0.76.
c.) Gene expression of known transcriptional regulators of H2afx. While neither Prkdc nor Atrx are 
expressed, Atm only phosphorylates H2afx during double strand break formation. The sole activator 
expressed during MSCI is Atr, which is steadily expressed after leptotene, suggesting that MSCI is 
controlled on the transcriptional level. 
d.) Average expression of all peaking genes (class 1&3) genes in zygotene II (during MSCI) show that 
a small set of genes is very highly expressed during this process. 
e.) Individual trances of highly expressed peak genes show that these genes are also silenced later 
than compared to the bulk of the sex chromosomes (as compared to panel B). 
f.) Highly expressed escapee genes. Average expression of sex chromosomal genes in pachytene 
identifies a handful of escapee genes that are highly expressed after MSCI. 
g.) Slitrk2 is the only gene whose expression anti correlates with the expression of the X-chromosome 
as a whole. While it is efficiently silenced before, it starts to be expressed during MSCI, it is induced 
during zygotene II, and it increases until pachytene.
h.) Chromosomal location of the 27 sex chromosomal genes (all from X) with an average expression 
above 1 in pachytene. 
i.) The ampliconic gene Mageb16 is the only MSCI-escapee gene, which is also described to escape 
post meiotic sex chromosome inactivation (PMSCI) (Namekawa 2006). 
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Next we were interested in what the 27 identified genes have in common. First, 
we mapped them on the X chromosome, and found that they are spread along the 
chromosome. We noticed that multiple genes are clustered around the Zfx, Irak1, and 
Xist loci (Fig 5I), even if Xist itself is not expressed. When compared to known escapees 
in post meiotic sex chromosome inactivation (PMSCI), only Mageb.ps-1 is shared, which 
suggests that different mechanisms might stay behind incomplete silencing in meiotic and 
post-meiotic stages. 

We wondered why the genes from the Xist locus preferentially seem to escape and 
found two possibilities. First of all, ATAC-seq identified the Xist locus as one of the most 
open chromatin regions during XCI in females (Giorgetti et al. 2016). 3D chromosome 
structure is not available is for stages before mature sperm (Jung et al. 2017), therefore 
this possibility remains to be investigated. Secondly, we noticed that many of the escaping 
genes from the Xist locus are long, and often non coding genes. We compared the 
transcript length of the 27 escapee genes with that of all X chromosomal genes and found 
that escapees are significantly longer (MWW, one sided, p<0.006) than the median length 
of transcripts. 

Finally, we extended our search for escapee genes by clustering z-score normalized 
gene expression profiles along pseudotime (Fig S5A). We found that Slitrk pattern 
of expression is unique, and most genes are expressed similarly to Irak1, which to us 
appeared to us as residual, rather than functional expression, because the relative 
expression within the globally expanding transcriptome remains in all cases very low. We 
note that the multicopy Rbmy gene family gave a particular expression pattern in that 
they are transiently silenced in leptotene, and expressed before and after (Fig S5B). As 
a multicopy family this pattern might be artifactual. Zfx and some other genes showed 
unchanged expression along prophase I. All other genes were efficiently silenced in MSCI. 

Taken together, we found that the third of sex chromosomal genes are specifically 
induced before, and silenced during MSCI, suggesting its role beyond protecting DNA 
from misaligned recombination. Although MSCI is a fast event when looking at meiosis 
as a whole, we found remarkable differences in the silencing time of genes. In contrast 
to no structural cues, silencing time was associated to biological function, suggesting a 
“regulation first, processing second” pattern of silencing. To understand the role of MSCI, 
one has to consider that it might be a combination of ancestral and newly acquired 
functions (Turner et al. 2004). MSCI might have been evolved for one reason, and once it 
was in place, it might have been evolved to new functions. Such re-purposing is common 
in evolution, and it is best documented for duplicated genes (Zhang 2003). Although 
without functional validation we cannot prove if silencing time is indeed functional, 
the chromosome wide expression and functional patterns suggest to us that MSCI 
might evolved new roles in gene regulation to its ancestral function of globally silencing 
unsynapsed chromatin.
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Genes in pachytene are activated in the order as they are 
used in the functioning sperm.

We noticed that RNA content of spermatocytes in pachytene is up to 9-fold higher 
than that in leptotene and zygotene (Fig.2D), which is not explained by differences in 
sequencing depth (Fig.S1F), but confirms earlier observations (Monesi 1965). We 
also found that in our dataset pachytene cells have the most diverse transcriptome as 
quantified by entropy (Fig.S4E), supporting the idea of a global transcriptional activation.

To characterize this massive transcriptional wave, we first identified genes 
upregulated in pachytene by differential gene expression analysis (Fig.6A). We selected all 
genes that showed a 3-fold upregulation as compared to all other cells (SOM).

Next we classified genes into 3 categories by k-means clustering of z-score 
normalized rolling average data (Fig.6B); clusters showed reproducibility >98% over 
10000 bootstrapping rounds. Gene classes 1-3 correspond to slow, intermediate and 
fast upregulated genes in pachytene, as also shown by their average expression profile 
(Fig.6C) and individual traces of all genes in class 1 & 3 (Fig.6E, H). Energy production 
related genes, such as the mitochondrial cytochrome c oxidase genes (Fig.6D) are among 
the earliest responding genes, followed by Piwi pathway related genes (Piwil1, Tdrd1, 
Pld6, and Gtsf1). Expression of these genes can be explained by their molecular role in the 
global transcriptional activation, or in meiosis.

However, the vast majority of pachytene activated genes have post-meiotic roles 
(Da Cruz, 2016). When we compared gene function (by significantly enriched GO-terms) 
in activated genes across the 3 classes, we found distinct functional enrichment, and it 
showed that class 2 is both time wise and functionally an intermediate set (Fig.6F).Genes 
of enriched GO-terms function in elongating spermatid (e.g.: flagella formation) or in 
mature spermatozoa (e.g.: binding to zona pellucida), thus no sooner than ~9 days from 
the pachytene stage (Griswold 2016).

Surprisingly though, genes are activated in parallel order to their function weeks 
later. While early genes (cl.3) play a role in flagella formation and cell movement, late 
genes (cl.1) are involved in fertilization (Table.S6). Accordingly, enriched GO-terms in class 
1 and 3 map to different anatomical regions of the spermatozoa (Fig.6I). As these genes 
are transcribed so much advance, yet distinct times, we asked if they might be stored in 
separate compartments.

Therefore, we analyzed the expression time of all RNA binding (GO:0003723) 
related genes with a role in mRNA stabilization (GO:0048255). We found that 6 genes 
have high and variable expression (Fig.6J), and that the downregulation of Dazl coincides 
with a similar upregulation of the Ybx-family genes. This switch in RNA binding proteins 
precisely takes place at the beginning of pachytene, suggesting that different pools of 
RNA binding proteins are available to genes transcribed at different times. Therefore we 
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calculated the ratios of Dazl and Ybx-family transcripts, indicative of binding probabilities 
at similar binding affinities for mRNA transcribed at specific times (Fig.6H). Note that we 
measured transcripts of RNA binding proteins, which first need to be transcribed, thus the 
functional switch probably takes place with an offset to switch displayed.

Fig6. Genes in pachytene are induced in the same sequence as they are needed in the mature 
sperm
a.) Differential gene expression analysis identifies 635 genes that are at least 3-fold upregulated 
in pachytene cells as compared to all other cells (p<1e-6). Selected genes are highlighted in black.
b.) Pseudotemporal gene expression profiles of the 635 genes are classified into 3 categories 
according to the shape and slope of increasing gene expression. K-means clustering was performed 
on z-transformed moving averages.
c.) Average gene expression profile of each class of genes as determined in (b). 
d.) The nuclear encoded mitochondrial gene, Cytochrome C Oxidase Subunit 8C (Cox8c, Class 3) is 
one of the strongest upregulated gene.
e.) Individual expression profiles of class 1 genes show the step-like up regulation as cells reach 
pachytene. 
f.) Significantly enriched GO-terms suggest markedly different function between class 1 and 3 genes, 
and that class 2 is an intermediate class both timely and functionally (GO Biological Process and 
GO Cellular Component, FDR<1e-4). Class 3 genes are enriched in flagella related functions and 
structures, while the later upregulated class 1 is enriched in functions and structures related to a 
later function of the sperm: fertilization.
g.) The acrosomal protein Crisp2 (Class 1) is involved in fertilization and shows a gradual accumulation 
in pachytene.
h.) Class 1 genes all show gradually increasing gene expression in pachytene. 
i.) Specific and shared enriched GO-terms in Class 1 and 3. Class specific GO-terms can be mapped 
to different anatomical regions of the sperm. Informative GO-terms are displayed. Class 1 specific 
terms and corresponding anatomical structures are in red. Class 3 specific terms and structures are 
in green. Shared terms and the related axoneme is indicated by the black arrow. The full list of GO-
terms is accessible in Table S6.
j.) Highly expressed mRNA binding proteins with known function in translational repression show 
dynamic expression changes. Some, like Dazl can both activate or repress translation depending on 
binding partners. The Y-box binding genes activate at different time which result in different cellular 
concentration of mRNA binding proteins.
k.) Transcript ratios of Y-box binding genes and Dazl flip around. Note that unlike for their targets, 
these RNA has to be translated first, thus the functional proteins’ ratio is expected to change with 
an offset.
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Discussion
Currently, meiotic entry in mammals is not well understood; therefore one cannot 

induce meiosis in vitro without co-culture. This is necessary for in vitro generation of 
germ cells, which is key for future fertility therapy. To better understand meiotic entry, we 
applied single-cell sequencing and subsequent pseudotemporal reconstruction. Thereby 
we could describe early male meiosis with and unprecedented resolution. We provide a 
catalogue of gene dynamics along prophase I, which may serve as a valuable resource to 
the field of in vitro reproductive biology. To help to explore the data, we implemented an 
online browser.

In prophase I, we identified 3 major transitions in gene expression. The first major 
transition happens when spermatogonia enter meiosis. Here, hundreds of genes are 
specifically upregulated or repressed. We observed a global decrease in transcriptome 
that is accompanied by a switch from proliferative/anabolic to meiotic transcriptome. 
This can be explained by the silencing of a Myc centered transcription factor network. 
In parallel to the silencing, hundreds of genes are activated in leptotene cells. Many of 
these genes are transiently activated, making leptotene a much better defined than the 
subsequent zygotene stages.

The second major transition is meiotic sex chromosome inactivation. It is thought 
that the phosphorylation of the silencing histone variant, H2afx induces inactivation. We 
found that H2afx gene is induced exactly during the silencing of the sex chromosomes 
and that Atr, its’ only expressed regulatory kinase is steadily present. These observations 
suggest that MSCI is regulated by transcriptional level. 

We describe silencing time different times. One of the latest silencing gene is 
Scml2, an X chromosomal gene involved in MSCI, highlighting that inactivation time is 
related to gene function. We showed that early and late silenced genes are associated 
to different subcellular locations. While early silenced genes are only associated with the 
nucleus, late silenced genes are also associated with mitochondria and cytoplasm. 

We found a wide range of (in)activation patterns, which disputes some current 
models for MSCI. If MSCI would only appear to protect DNA, we would not expect that 
genes silence in a coordinated order, nor that genes are co-regulated. In general, silencing 
follows two major regulatory patterns: gradual silencing and transient followed by 
silencing. To our surprise, ~60 sex chromosomal genes are transiently activated before 
silenced by MSCI. This suggests that MSCI is involved in gene regulation. Indeed, many of 
the transiently activated genes are related to gene expression, which is can be explained 
as a preparation for the third major transition, the pachytene activation.

Taken together, sex chromosomes are silenced in a functional, rather than structural 
order, suggesting that MSCI has a key role in gene regulation. This could also explain why 
MSCI is essential for meiotic progress. Nevertheless we think there is no single purpose 
behind MSCI: gene regulation possibly evolved atop of its ancestral function.

Abel.thesis.v14.indd   74 23/03/18   16:06



 75 

3

 The third major transition we found is that pachytene cells show a massive 
transcriptional activation. While early pachytene genes are related to energy metabolism, 
late pachytene genes are related to spermatozoal functions, unlike generalized before 
(da Cruz et al. 2016). When we clustered cells on their transcriptome, we found 5 distinct 
stages. Between the well-defined spermatogonial and pachytene clusters we find 3 
stages. The first of these corresponds to leptotene stage, characterized by the unique 
expression of many genes. The next two clusters correspond to zygotene, and show a 
generally gradient transition towards pachytene. This transition is separated by MSCI, 
which is followed by a large scale gene activation on autosomes.

The gradual and sequential change in autosomal gene expression shows the 
delicate clockwork of meiosis, which can never be understood by categorical comparisons. 
Our approach will hopefully be followed by complementary methods to show how the 
timing of gene regulation affects meiosis, and extend our ability to induce and control it.

 Importantly, the five clusters only partially overlap with classic stages. This 
suggests that classic staging does not always reflect the cell's regulatory programs. While 
spermatogonia, preleptotene and pachytene cells show a distinct expression profile, sub-
classification of internal stages have limited support on transcriptional level. Instead of 
a stepwise assembly process, spermatogenesis resembles more of a flowing river with 
occasional waterfalls. Still, we recognize that morphological classification remains practical 
and useful. We also agree that morphology, especially in later stages, indicates function. 
Yet, we argue that classic staging might handicap understanding early spermatogenesis. 
We think, that genome wide expression better reflects commitment, differentiation, and 
regulatory processes in meiosis. Therefore, we suggest transcriptional identity as the basis 
of meiotic staging. 
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SOM supplementary online methods Vertesy et al

Mice strains, Organ Isolation and Dispersion
To separate germ cells from somatic cells, as well as to selectively sort germ cells 

from meiotic prophase 1, we used a mouse line expressing Dazl-GFP-V5 on a bacterial 
artificial chromosome (BAC). In this construct, the GFP sequence is integrated directly 
before the stop codon, and its expression is controlled by Dazl promoter and enhancer 
sequences (H. H. Chen et al. 2014). All mice were housed according to the Hubrecht 
Institute guidelines, which include access to food and water ad libitum. All animal 
experiments were carried out in compliance with standards for care and use of laboratory 
animals, with approval from the Dutch Animal Experiment Committee of The Royal 
Netherlands Academy of Arts and Sciences (KNAW). Mice were between 2 and 3 months 
old at time of sacrifice.

In the first step, we isolated testicless from Dazl-Gfp mice and chopped them into 
pieces. Next, these tissue pieces were transferred to a 50 mL falcon tube and incubated in 
a collagenase type II (2 mg/mL Gibco, 17101015)/phosphate-buffered saline (PBS, Lonza, 
17-516F) solution placed in a water bath set at 37 ºC for 1 hour to degrade the extracellular 
matrix and release cells from their niche. We used 10 mL collagenase solution per TA. 
After this initial incubation, the tissue pieces were incubated in Tripsin at 37 degrees with 
gentle intermittent shaking for 8-10 min until the islets were dispersed into single cells. 
The dispersed tissue was washed briefly with cold PBS then filtered through a 25 μm sieve 
to remove debris and aggregates.

FACS Sorting
The Dazl-GFP mice allows us to select germ cells from spermatogonial up to 

pachytene spermatocyte stages, as Dazl expression in adult testes is restricted to germ cells 
of these stages. We used Propidium Iodide (PI) to exclude dead cells and VybrantViolet 
(cat. V35003) staining for DNA content to exclude haploid cells.

We incubated the cells with PI and VybrantViolet on ice before FACS-sorting, 
according to manufacturer protocol. Cells were kept on ice until sorting. We used 
FACSJazz (BD biosciences) with the following configuration for all sorts (Table S10, Channel 
interpretation: [Excitation wavelength] Emission wavelength / Detection bandwidth; all 
bleed-through corrected).

First we selected single, live cells based on PI exclusion and scattering (P1 and 
P2 and P3). Next, we used GFP expression and VybrantViolet staining of Live Dazl-GFP 
positive single-cells. Finally, the selected cells were sorted into hard shell 384-well plates 
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(Biorad, cat HSP3801) containing 200 nl of RT primers, dNTPs and synthetic mRNA Spike-
Ins. To avoid evaporation, 5 μl of vapor-lock (QIAGEN, cat 981611) was added on top.

After sorting, we spun down and froze the plates immediately. The plates were 
stored at -80˚C until processing. For details see (van den Brink et al. 2017). For library 
preparation and sequencing we followed the SORT-seq protocol (Muraro et al. 2016).

Sorting experiments were done in biological triplicate and technical replicates. 
There were no relevant differences between replicates that would affect the conclusions. 
We both used CEL-seq1 and CEL-seq2 based primers. They showed differential sensitivity 
for a set of genes, which we effect we normalized out. See Analysis for consequences and 
normalisation.

Single-Cell mRNA library preparation
We prepared cells into sequencing libraries by SORT-seq. For the detailed protocol, 

see: (Muraro et al. 2016) and (van den Brink et al. 2017). In brief, we used a 3-prime, 
poly-A based, UMI-corrected library construction protocol. SORT-seq is an improved and 
robotised version of the CEL-seq2 protocol designed for FACS sorted cells (Hashimshony 
et al. 2016).

Data Analysis

Alignment and Quantification
Paired-end reads from Illumina sequencing were aligned to the mouse RefSeq 

transcriptome with BWA-MEM (Li 2013). We trimmed low quality bases and discarded low 
quality and ambiguous alignments. For details on alignment, see (Grün et al. 2015). After 
alignment, we removed UMI-duplicates from uniquely mapping reads. UMI-duplicates 
are reads from the same cell, same gene sharing the same unique molecular identifier 
revealing that they are were amplified from the same original mRNA molecule. Next, 
based on binomial statistics, we converted the number of observed UMI-s into transcript 
counts (Grün, Kester, and van Oudenaarden 2014). Samples were normalised by taking 
the average of 10 downsampling rounds. Generally speaking, downsampling is better 
at keeping the statistical properties of the data, such as noise level, while normalisation 
has no loss of information and therefore can be more sensitive. We combined these 
two approaches for an optimum solution. Downsampling is set to 2000 transcripts. Cells 
with fewer transcripts were discarded from analysis, and genes expressed below than 
2 transcripts in at least 20 cells were removed from the dataset before clustering. For 
downstream analysis, including k-medoids clustering, we used StemID (Grün et al. 2016) 
and custom scripts.
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Normalisation of libraries generated by CEL-seq1 and CEL-seq2 primers
As the SORT-seq protocol was designed during the time course of this study, we 

prepared libraries with two types of primers for reverse transcription. The original version 
is described in (Grün, Kester, and van Oudenaarden 2014), and it was based on CEL-seq1 
(cs1) (Hashimshony et al. 2012). Later, an optimized primer version was developed(Muraro 
et al. 2016), which was based on the CEL-seq2 (cs2) protocol (Hashimshony et al. 2016). 
We prepared 490 high quality (filtered) cells by cs1-, and 766 by cs2-primers.

To normalise the 2 protocols, first we calculated the average expression per gene 
over all index sorted plates per cs1 and cs2 batches. 

Next, we calculated the the ratio of the batch averages, and normalised all genes 
to have the same average expression in both batches. After normalisation we filtered 
highly expressed genes which are then used for clustering. Genes which had a more 
than 10-fold bias before normalisation, or were 4 times more often detected in either 
protocols were excluded from clustering. In figS2 we show that cells from each batch 
contribute equally to all clusters regardless of primer design, biological replicate, or batch 
of library preparation.

Clustering and tSNE
For many steps of analysis, including k-medoids clustering of cells and tSNE 

projection, we used an in-house improved version of RaceID2 (Grün et al. 2016). We 
implemented parallel computing in RaceID2 and extended its functionality to handle 
pseudotime related analysis and better accommodate multi-panel plotting. The code 
will be freely available on https://github.com/vertesy/RaceID-v2.5-Multithreaded upon 
acceptance, with restriction to attribute the original author of RaceID upon use.

Establishing the number of clusters for k-medoids clustering
In RaceID, the optimal cluster number is determined as the saturation point of the 

Within Cluster Dispersion (WDC). By separating the data into more (thus smaller) clusters 
WDC decreases. When adding a new cluster yields a decrease that is no bigger than the 
estimated error interval of the decrease, k is selected. In this estimation, we repeatedly 
clustered cells into 1 to 10 preset clusters, and calculated WDC for each number of 
clusters. The optimal cluster number was estimated to be 5.

Channel Dye Function
*[488] 530/40 GFP Dazl expression
*[488] 585/29 PI Live cells (PI negative)
*[405] 450/50 VybrantViolet DNA content
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For comprehensiveness, we also calculated gap statistics (Tibshirani, Walther, and 
Hastie 2001). Gap statistic in single cell mRNA-seq datasets often does not yield a peak, 
therefore cannot determine the cluster number unambiguously. Nevertheless, it also 
saturates around 5, as estimated before

The silhouette plots shows the average similarity of each cell to all cells in its own 
cluster relative to all cells in the closest neighboring clusters. Positive values for most 
cells suggests that they are well represented within their own cluster. High Jaccard index 
shows high reproducibility of clusters across multiple bootstrapping rounds. The Jaccard 
index is calculated as the intersect over the union of cells in the same cluster across two 
bootstrapping rounds. RaceID qualifies clusters reproducible above Jaccard index 60%, 
while Jaccard indices in this study range 74-99%.

Differential Gene Expression
For differential gene expression analysis, we used RaceID2. The algorithm was 

specifically designed to model transcript count variability in single-cell data by a negative 
binomial noise model (Grün, Kester, and van Oudenaarden 2014), building on (Anders and 
Huber 2010). P-values of significantly up or downregulated genes were calculated based 
on Poissonian statistics and corrected for multiple testing by the Benjamini-Hochberg 
method (Grun and van Oudenaarden 2015). 

We found that fold change as commonly calculated as the fraction of arithmetic 
mean (“average”) gene expression in compared cell types is not well suited for single cell 
data, as suggested previously (Bengtsson et al. 2005)

. Analysis based on arithmetic mean often identifies genes, which we consider 
false positives when looking at the raw expression data,in single cells. This is because 
arithmetic mean is a metric sensitive to outliers. It often indicates a big differences, which 
are not representative of the group of cells; in fact they are regularly caused by a few 
outlier cells with very high expression. 

Median is commonly used as an outlier robust metric of the central tendency, it 
however loses sensitivity at low integer read counts, which is the typical range the for 
majority of the genes in single cell data. Furthermore, median becomes meaningless 
if near 50% of the cells have 0 expression (also known as zero-inflated data). Subtype 
specific genes with a narrow expression window are often overlooked by using median 
(e.g.: Zfy1 & 2).

Geometric mean is both robust against outliers and handles zero-inflated data, 
and it was found to be the appropriate metric for gene expression data that varies on the 
log-scale (Vandesompele et al. 2002; Bengtsson et al. 2005; Goymer 2005). We therefore 
used the fold change of geometric means alongside the classical definition of fold change 
of arithmetic means, so that a gene has to satisfy the same threshold for both metrics. 
This largely decreased our false positive detection, while maintaining similar sensitivity.
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Expression patterns defining cluster boundaries 
Groups of cells can be defined by either a unique expression of genes or by a 

combination of multiple non-unique expression patterns. We compared gene expression 
in each cluster to all other clusters to find uniquely expressed genes (TableS2), and we 
also compared gene expression in each cluster to the previous cluster (=developmental 
stage) to find gradual or stepwise changing genes (Table.S3). 

GO-term enrichment

We found that GO-term enrichment on the interaction network of any analyzed 
set of coding genes is a lot more meaningful than direct GO-term enrichment on the same 
set of genes. Therefore we calculated GO-term enrichments using the STRING protein 
interaction database everywhere (Mering 2003), unless stated otherwise. 

GO-term annotation based gene sets

We first identified relevant GO-terms using EBI’s QuickGo (Binns et al. 2009) within 
the GO-term hierarchy. Next, we downloaded mouse gene annotations for each term, 
excluding negative annotation qualifiers using the AmiGO browser (Carbon et al. 2009). 
We selected genes detected in our dataset and analyzed genes as described per analysis.

Pseudotemporal ordering of single cells
To draw a comprehensive picture of all genes changing expression at different 

times, we needed to reconstruct their developmental trajectory (Cannoodt, Saelens, 
and Saeys 2016). As we did not measure time, but infer, how long cells progressed in 
spermatogenesis, this procedure is called pseudotemporal ordering. We ordered cells 
according to gradual, transcriptome wide changes in gene expression by 3, distincts and 
established methods: Monocle 2 (Qiu et al. 2017), TSCAN (Ji and Ji 2016) and principal 
curve (Hastie and Stuetzle 1989) as used in (Petropoulos et al. 2016). The 3 methods 
are compared in their main features, dimensionality reduction, clustering, and trajectory 
modeling (Table S11).

Monocle 2

Monocle 2 identifies differentially expressed genes across clusters of cells (provided 
from RaceID2 in this case), then uses Discriminative Dimensionality Reduction with Trees 
(DDRTree) (Mao et al. 2016), a Reversed Graph Embedding (RGE) algorithm to reconstruct 
a minimum spanning tree connecting cluster centroids, which is called principal tree. Cells 
then are projected to this principal tree, and their position along the backbone of the tree 
is counted as pseudo time. Monocle 2 uses an unsupervised inference method, where 
one does not need to feed the number of trajectories or paths, nor branching points. In 
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fact multiple minor (<8% of the cells) side branches are detected by the algorithm, which 
all fall close to the main tree (Fig S3).

TSCAN

In TSCAN, we provide the filtered normalized dataset. TSCAN uses PCA to reduce 
the dimensionality, which is followed by clustering by fitting a mixture of multivariate 
normal distributions using the Mclust package. The number of clusters here is determined 
by Bayesian information criterion, in our case it was 5. Next, TSCAN connects cluster 
centers with a minimum spanning tree, and finally it projects single cells on the tree, 
which is the cell order (Fig.S3 B).

Principal Curve

We fitted a principal curve (Hastie and Stuetzle 1989), as in (Petropoulos et al. 
2016) to the two dimensional t-SNE map (Fig.1 A) of the cells in 100 iterations. The curve is 
initialised as a line segment; we use first principal component line. Next, each point of the 
curve is recalculated as a local average of all data points that project to this points using a 
spline smoothing with 4 degrees of freedom (smooth.spline function). In the next round 
new projections are calculated, etc. Already after 10 iterations the curve converged. The 
final curve was calculated after 100 iterations (Fig.S3 C).

Comparison and Consensus or Ensemble Pseudotime

Projection coordinates in all 3 approaches are scaled to [0,100] and pairwise 
Pearson correlation coefficients are calculated: TSCAN vs.Principal Curve: 0.956; TSCAN 
vs.Monocle: 0.973; Principal Curve vs.TSCAN: 0.956. Essentially all 3 algorithms captured 
the linear progress from spermatogonia to pachytene spermatocytes (Fig.2 C). To further 
increase robustness, we calculated the consensus, or ensemble pseudotime as the average 
pseudotime for each cell in all three trajectories calculated by the different algorithms //
Table.S3. 

Early and late silenced genes on the sex chromosomes

First we selected all sex chromosomal genes that had a running median expression 
maximum above 1 during MSCI (pseudo time points 650-900) as defined by the h2afx 
expression ramp (Fig 5B). To quantify the pace of gene expression changes, we defined 
the characteristic timescale of silencing (TS) for each gene. TS is defined in a way similarly 
to a substance's half-life: it is the time (pseudo time points) required for gene expression 
to drop to half of its maximal value, but was corrected with an offset if the maxima did 
not coincide with beginning of MSCI. Without this correction, late activated genes, e.g. 
Scml2, would be mistakenly counted as an early silenced gene. TS was calculated on 
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rolling average normalized gene expression with a window of 100. Finally we ordered all 
genes according to their characteristic silencing timescale and divided the distribution 
into earlier and later half. We note that some reads mapped to a microRNA, Mir684-1. It 
is a multicopy gene across autosomes and the X chromosome. For this reason, and since 
CEL-seq is not suited to study microRNAs, we considered it a mapping artifact, therefore 
we excluded it from the analysis.

GO-term enrichment was calculated on the interaction network of coding genes 
as described above. The statistical background for the enrichment were all coding genes 
on sex chromosomes present in the gene model used (mm10), (Grün, Kester, and van 
Oudenaarden 2014). 

Escapees

As pachytene cells had ~9 fold more reads than zygotene, relative expression 
levels might not be indicative of leaky silencing, therefore we calculated expression of 
unnormalized transcript counts. The variation among single cells was counteracted by 
calculating a rolling average over the cells ordered in pseudotemporal order.

Classification gene expression patterns along pseudotime

First, the normalized gene expression values of individual cells were ordered by the 
consensus pseudotemporal order. Next, we calculated the rolling average expression with 
a window of 50 (or 100 when indicated). To make genes with widely different expression 
levels comparable regarding their activation or silencing time, we z-score transformed 
these values. Finally this gene expression matrix was classified by k-mean clustering.

Approach Dimensionality 
Reduction

Clustering Trajectory model Ref

Monocle 2 DDRTree 
(discriminative 
dimensionality 
reduction via learning 
a tree)

k-medoids, 
provided by 
RaceID2

Principal Graph (a 
Principal Curve with 
branches allowed) learnt 
during dimensionality 
reduction by DDRTree.

(Qiu et al. 
2017)

TSCAN PCA (Principle 
Component Analysis)

Multivariate 
gaussian 
mixture in 
PCA space

Minimum spanning tree 
of cluster centres

(Ji and Ji 
2016)

Principal 
Curve

tSNE (t-distributed 
stochastic neighbor 
embedding)

- Principal Curve (Hastie and 
Stuetzle 
1989)
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Transcriptome wide identification of time-specific or peak genes

As we extended our analysis to lowly expressed, we found many lowly expressed 
genes with specific expression times, such as Zfy 2 (Fig. S3 C). Typically, peaks in ordered 
gene expression can be identified by maximum z-score (Ebbing et al, in preparation), 
however single outliers cause artifactual high z-scores (Fig. S3 B), while in this regime, one 
cannot filter on expression level. Therefore we developed quantile-ratio, a metric that 
can robustly remove artifactual peaks. In this, we calculate the ratio of the 100% and 95% 
quantiles of each gene's expression. This efficiently distinguishes true gene expression 
peaks from outliers (Fig. S3 A). 

Analysis of Transcription Factor Binding sites
We found that meiotic entry from the spermatogonia towards preleptotene is 

characterised by global transcriptional silencing accompanied by the upregulation of 
defined set of genes. To find out which transcription factors driving these changes, we 
analysed transcription factor binding sites enriched in the all genes that are at least 2 fold 
differentially expressed in cluster 2 vs 1, and vice versa. We used the online too Enrichr 
(E. Y. Chen et al. 2013; Kuleshov et al. 2016), which searches across the TRANSFAC and 
JASPAR transcription factor binding profiles (Matys 2006; Portales-Casamar et al. 2010). 
Enrichr scans the −2000 and +500 vicinity of transcription start sites for transcription factor 
binding sites. The list of transcription factors with significantly enriched binding sites is 
then analysed in the 2017 version of the amazing STRING database to identify functional 
and physical interactions, as well as GO-term enrichment (Mering 2003; Szklarczyk et al. 
2017). We found that all upregulated genes are regulated by a tightly interconnected set 
of transcription factors.

Data And Software Availability
All analysis was performed in R-studio v1.0.136. For single cell analysis we used 

the StemID algorithm (Grün et al. 2016) and custom scripts. Figures were generated by 
R packages pheatmap v1.0.8 (Raivo 2013) and MarkdownReports v2.9.5 (Vertesy 2017). 
Upon acceptance, the source code for analysis will be available "as-is" under GNU GPLv3 
at https://github.com/vertesy/Spermatogenesis. Sequencing data is deposited under 
accession number GSE...... at GEO.
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Fig.S1.Filtering and clustering quality
a). Transcript count per sample shows a bimodal distribution. Low quality cells below 3000 
transcripts are discarded (red). This results in 1274 high quality cells (green) have a median of 20488 
reads.
b). Saturation determines the optimal cluster number in RaceID. With increasing number of clusters, 
the Within Cluster Dispersion (WDC) decreases. When further increase of the number of clusters (k) 
yields a decrease (grey) that is no bigger than the estimated error interval (red) of the decrease, k 
is selected (5 in this case).
c.) Gap Statistic does not yield a peak in single cell mRNA-seq datasets, therefore cannot be used 
to unambiguously determine the cluster number. Of not that it also saturates around 5, the cluster 
number determined by the saturation of within cluster dispersion.
d.) The silhouette plots shows the average similarity of each cell to all cells in its own cluster relative 
to all cells in the closest neighboring clusters. Positive values for most cells suggests that they are 
well represented within their own cluster.
e.) High Jaccard index shows high reproducibility of clusters across multiple bootstrapping rounds. 
The Jaccard index is calculated as the intersect over the union of cells in the same cluster across 
two bootstrapping rounds. RaceID qualifies clusters reproducible above Jaccard index 60% (or 0.6).
f.) Sequencing depth does not explain observed transcript count differences. Average over-
sequencing per cell varies across individual cells a magnitude more than across clusters. Average 
oversequencing per cluster is lower in clusters with high transcript counts (cl1 & 5) as expected if 
the variation is explained by biology, and not by sequencing depth.
 
Fig.S2. Heterogeneity in transcriptome is not explained by technical effects.
a.) Distribution of cells across cell types, which were identified by k-medoids clustering.
b-d.) Cells from all four libraries (B), all three animal (C), and cells prepared with either CELseq1 or 
CELseq2 primers (D) -- denoted by color, respectively -- contribute equally to all cell types (shapes), 
as show on the t-SNE map.
e-f.) Detected Gene and Transcript counts per cell detected both transiently decrease from meiotic 
entry (cl.1→ cl.2) until a global transcriptional activation in pachytene (cl.5).
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Fig.S3. Pseudotemporal ordering
a.) Principal graph of cluster centers, and cell projections as reconstructed by Monocle 2 using 
DDRTree algorithm. Colors denote cell clusters as determined by RaceID.
b.) Minimum spanning tree of cluster centers, as reconstructed by TSCAN. Cells were subsequently 
projected on this tree. Colors denote cell clusters identified by TSCAN using a multivariate Gaussian 
mixture model in PCA space.
c.) Reconstructed Principal Curve in t-SNE space and minimal cell projections, to the curve. Colors 
denote cell clusters as determined by RaceID. Clustering results are not used in this reconstruction, 
only provided for easier comparison.
d.) Pairwise scatterplots and Pearson correlation coefficients across the 3 reconstruction methods.
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Fig.S4. Filtering Peaking Genes by Quantile Ratio
a.) The ratio of the 100% and 95% quantiles of each gene's expression efficiently distinguishes peaking 
genes (high maximal z-score) caused by outliers or by true gene expression. Quantile ratio of two 
example genes are shown by dotted lines: Prm1 and Zfy2, z-score maxima 31 and 17 respectively.
b-c.) Normalized transcript counts in single cells and rolling averages (window: 50) of Prm1 and Zfy2. 
Maximum z-scores of rolling averages are high in both cases, however in the case of Prm1, this is 
clearly caused by one outlier cell with 1000 transcripts, thus it does not reflect a general change in 
expression.
d.) Relative expression of autosomes (grey) and sex chromosomes (X: red, Y: orange) throughout 
prophase 1. While autosomes are constantly expressed sex chromosomes are downregulated before 
pachytene.
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Fig.S5. Changes in molecular chaperones’ expression precedes transcriptional activation
Importantly, immediate early genes (as defined in van den Brink et al 2017) are mostly lowly 
expressed in the dataset, or specifically expressed at different stages (see also at Dataset.S5).
 a.) Constitutively expressed (housekeeping) Hsp90ab1 (90α-class b) and Hspa8 expression decreases 
upon meiotic entry, alongside with 3 chaperones involved in protein import to mitochondria (Hspd1, 
Hspe1, and Hspa4)
b.) From leptotene to zygotene a mixed set of chaperones is induced. The constitutive Hsp90b1 
shows moderate induction (~20-30 mRNA/cell), while the endoplasmic reticulum related, inducible 
Hspa5 shows very strong upregulation (~70-80 mRNA/cell). The signaling related small HSP member 
Hspb11 shows a minor (~5mRNA/cell), but distinct peak at meiotic entry.
c.) The induced Hsp90α is know to be involved in cell cycle regulation, and it is strongly induced 
upon meiotic entry, reaching ~150 transcripts per cell. Beside its role in stress response, Hsp90α 
is also induced in response to the induction of excessive translation. At the same time moderate 
to low induction of small HSPs Hspb6 and Hspa4l, and the Hsp70 family member Hspa2, which is 
suggested to be involved in spindle integrity.
d.) Log10 scaled moving average gene expression of all displayed chaperones. 

Supplementary dataset descriptions

Dataset.S1 Transcriptome wide clustering as well as marker gene expression supports gradual, as 
opposed to switch-like differentiation of spermatogonia
A. Dazl+ spermatogonial transcriptome does not subcluster along Kit or Lin28a/Sox13/Plzf expression 
boundaries. Spearman or Pearson correlation based clustering of spermatogonia confirms overall 
transcriptional similarity observed in Fig.1 regardless of the expression of Kit or the markers of 
undifferentiated spermatogonia. The cells that cluster apart are of lower quality, as defined by raw 
transcript counts.
B. Expression of reported markers of Kit-, undifferentiated spermatogonia.
All, spermatogonial cells exclusively express Dmrt1. 77% of spermatogonia express Kit  (≥1 raw 
transcript), and only these cells also express Cyclins (Ccnd1, Ccna2, Ccng1).
Kit- Dazl+ (and Dmrt1+) spermatogonia exclusively express a set of markers for undifferentiated 
spermatogonia: Plzf (or Zbtb16), Sall4, and Sox13.  However, the expression of other markers for 
undifferentiated spermatogonia, such as: Uchl1, Sox3, Stella (Dpp3), or Lin28a), are not restricted 
to the Kit- population.

Dataset.S3 Differential Gene Expression
Visual summary of differential gene expression analysis (Table S2 and S3). Panels 1-5: comparison 
of cells in each cluster with all other cells. Panels 6-9: comparison of each cluster with the 
developmentally earlier cluster. Genes in red are significantly differentially expressed at p<1e-6. 
 
Dataset.S5 Stress.Genes.van.den.Brink.2017
Dissociation-induced genes (covering most early immediate genes) -as defined per van den Brink 
2017 Supplementary Table 1- are mostly lowly expressed. Expressed "dissociation-induced genes" 
show varied dynamics along prophase I and do not point to population of cells that is particularly 
affected by the isolation procedure.
 

Abel.thesis.v14.indd   99 23/03/18   16:06



100  100  

“Toto, I’ve a feeling we’re 
not in Kansas anymore” 

(The Wizard of Oz, 1939)

Abel.thesis.v14.indd   100 23/03/18   16:08



 101  101 

4
Spatially-resolved 
transcriptomics of 
C. elegans males and 
hermaphrodites 
identifies novel 
fertility genes
Manuscript in preparation for publication

Annabel Ebbing*, Abel Vertesy*, Marco Betist, Bastiaan Spanjaard, Jan Philipp 
Junker, Eugene Berezikov, Alexander van Oudenaarden
 and Hendrik C. Korswagen #

*These authors contributed equally.
#Corresponding author: r.korswagen@hubrecht.eu.

Abel.thesis.v14.indd   101 23/03/18   16:09



102  

4

Abstract

To advance our understanding of the genetic programs that drive cell and tissue 
specialization, it is necessary to obtain a comprehensive overview of gene expression 
patterns. Here, we have used RNA tomography to generate the first high-resolution, 
anteroposterior gene expression maps of C. elegans males and hermaphrodites. To 
explore these maps, we have developed computational methods for discovering region 
and tissue-specific genes. Moreover, by combining pattern-based analysis with differential 
gene expression analysis, we have found extensive sex-specific gene expression differences 
in the germline and sperm. We have also identified genes that are specifically expressed 
in the male reproductive tract, including a group of uncharacterized genes that encode 
small secreted proteins that are essential for male fertility. We conclude that spatial 
gene expression maps provide a powerful resource for identifying novel tissue-specific 
gene functions in C. elegans. Importantly, we found that expression maps from different 
animals can be precisely aligned, which opens up new possibilities for transcriptome-
wide comparisons of gene expression patterns.

Introduction

Examination of spatial gene expression patterns provides important insight into 
the gene expression programs that drive the functional specialization of cells and tissues 
in multicellular organisms. A model organism that is ideally suited to connect such spatial 
expression information to cellular functions is the nematode C. elegans. It has a relatively 
simple body plan of 959 somatic cells in adult hermaphrodites and 1031 somatic cells 
in adult males (Sulston et al., 1980; Sulston and Horvitz, 1977), which enables gene 
expression pattern analysis at cellular resolution in a complete organism. Moreover, there 
is considerable complexity in specialized cell and tissue types (Sulston and Horvitz, 1977) 
to link expression patterns to specific evolutionarily conserved functions.

Gene expression analysis in C. elegans has mostly relied on microscopy-based 
techniques such as mRNA in situ hybridization, immunohistochemistry and promoter 
analysis with reporter transgenes. Even though large-scale in situ hybridization and 
promoter studies have been performed (Dupuy et al., 2007; Tabara et al., 1996), a 
transcriptome-wide overview of gene expression patterns has remained out of reach. 
Moreover, since most gene expression studies have focused on the hermaphrodite, 
expression patterns in the male are still largely uncharacterized (Kim et al., 2016).

RNA sequencing is a powerful approach to study gene expression at the whole-
genome level, but it does not provide spatial information. Gene expression analysis on 
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isolated cell populations partially solves this problem, but isolation of certain cell types 
can be problematic and spatial information is limited (Cao et al., 2017). An approach to 
overcome these limitations is to combine RNA sequencing with serial tissue-sectioning 
(Junker et al., 2014). Here, spatial information is retained by cryo-sectioning the sample 
along a specific axis, and then performing RNA sequencing on the individual sections. This 
method, which is referred to as RNA tomography or tomo-sequencing (tomo-seq), has 
been used to create a three-dimensional gene expression atlas of the zebrafish embryo 
(Junker et al., 2014) and has also been applied to study expression patterns in organs such 
as the heart (Wu et al., 2016).

A major challenge in applying RNA tomography to small organisms such as C. 
elegans is the limited amount of mRNA that can be extracted from individual sections, 
especially when thin sections are used to create high-resolution gene expression maps. 
Here, we have used the sensitive CEL-seq method (Hashimshony et al., 2012) to create 
the first high-resolution, anteroposterior (AP) gene expression maps of C. elegans males 
and hermaphrodites. We have developed computational methods to align and cluster 
expression maps into distinct anatomical regions and to identify spatially co-expressed 
genes based on the similarity of expression patterns. Using this approach, we have 
identified genes specific to the germline, sperm, and different somatic cells and tissues. 
Furthermore, by combining these results with sex-specific differential gene expression 
analysis, we have identified male and hermaphrodite specific gene expression differences 
in the germline and in sperm. Using a similar strategy, we discovered somatic genes 
specific to the male reproductive system, including a novel set of reproductive tract genes 
encoding secreted proteins that are required for male fertility. Our results demonstrate 
that RNA tomography maps provide a powerful resource to identify novel sex- and tissue-
specific gene functions in C. elegans. 

Results

Generation of high-resolution, transcriptome-wide 
anteroposterior gene expression maps of C. elegans

To generate high-resolution gene expression maps of C. elegans, we adapted the 
RNA tomography approach developed for zebrafish (Junker et al., 2014). In brief, we 
individually froze and cryo-sectioned young adult male and hermaphrodite animals into 
20 mm thick sections along the anteroposterior (AP) body axis (Fig. 1A). RNA was extracted 
from each section using Trizol and processed using a unique molecular identifier (UMI) 
extended CEL-seq protocol (Grun et al., 2014). In this approach, each detected molecule 
is labeled by a UMI (Kivioja et al., 2011) and a section specific barcode before the samples 
are pooled to prepare a single Illumina sequencing library. The resulting sequencing reads 
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were trimmed for low quality bases and aligned to the C. elegans reference transcriptome 
(WS249) by BWA-MEM. Finally, the spatial distribution of the transcripts was recovered 
using the section specific barcodes.

We sectioned and analyzed 4 young adult hermaphrodite and 4 young adult males. 
In addition, we included 2 germline deficient glp-1(q231) hermaphrodites (Austin and 
Kimble, 1987) to examine somatic gene expression in the mid-body without interference 
from the mRNA-rich germline. Despite the low amount of input material (sections that do 
not cover the germline contain on average only about 20-30 somatic cells), our approach 
yielded high-complexity data. After optimizing sequencing depth, we obtained 13-22 
million uniquely mapped, unduplicated reads, corresponding to 4-11 million unique 
transcripts per sectioned wild type male or hermaphrodite animal (Fig. 1B, Table S1). We 
could detect an average of 16394 genes in hermaphrodites and 16994 in males, with a 
total 18778 and 19241 genes in the combined datasets, respectively. This represents 93% 
and 95.3% of genes that were detected in a recent study using bulk RNA sequencing of 
young adult hermaphrodites and males (Kim et al., 2016). 

Sequencing libraries were normalized to the same total transcript count. For 
further analysis, we kept all genes expressed above 10 normalized transcripts in at least 
one section. The majority of these genes were detected in all datasets of the same sex 
(71% in males and 69% in hermaphrodites, Fig. 1G, S1). Next, the anterior and posterior 
ends of the expression maps were defined by the first or last two consecutive sections with 
≥50 genes (with ≥10 transcripts each). Internal sections with <50 genes were removed 
(an average of 1.1 sections per animal). The total number of high-quality sections per 
animal was, on average, 41 sections for the hermaphrodite and 34 for the male datasets, 
which is consistent with the difference in length between the two sexes. Along the 
sectioning axis, there was an average of 2170 genes per section in hermaphrodites and 
2210 in males (Fig. 1D, E). These filtered datasets were then converted to transcript per 

Figure 1. RNA tomography in C. elegans. 
(A) Schematic overview of the adapted tomography-sequencing method. Individual young adult 
animals were sectioned along the AP axis into 30-45, 20 μm thick sections. Each section underwent 
mRNA extraction, followed by reverse transcription and addition of section specific barcodes 
and unique molecular identifiers (UMIs). Next, the samples were pooled and subjected to linear 
amplification by in vitro transcription, followed by reverse transcription, library preparation and 
Illumina sequencing. (B) Total number of genes and transcripts per young adult hermaphrodite 
and male dataset. The 2 young adult glp-1(q231) germline deficient mutants were sequenced at 
lower depth. (C) Pearson correlation of total transcript data in Hermaphrodite datasets #2 and #3. 
(D) Total number of genes detected. Mean and standard deviation are indicated. (E) Distribution 
of the number of genes detected per section along the AP axis. Red line indicates threshold of 
50 genes per section. (F) Pearson correlation clustering segregates the datasets by sex and 
shows high reproducibility across datasets of the same sex. (G) Venn diagram of genes with >10 
transcripts in at least 1 section in the 4 male datasets. >70% of genes are detected in each of the 4 
datasets.
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million (TPM) values per section and then z-score transformed for specific analyses. 
When comparing the different hermaphrodite and male datasets, Pearson correlation 
coefficients of the pooled transcriptome data ranged from 0.90-0.98 for hermaphrodites 
and 0.95-0.97 for males, demonstrating the high reproducibility of the method (Fig. 
1C). As expected, transcriptome-wide Pearson correlation distinguished the male and 
hermaphrodite datasets by sexual identity (Fig. 1F). Taken together, these results show 
that RNA tomography is a sensitive and reproducible method to examine gene expression 
in C. elegans.

Expression patterns of marker genes validate the high 
spatial resolution and sensitivity of C. elegans RNA 
tomography maps

To get a global view of gene expression patterns along the AP axis, we selected 
genes with a minimum of 15 normalized transcripts in at least 2 consecutive sections 
and applied hierarchal clustering on the z-score normalized gene expression datasets. As 
shown in Fig. 2A and B, several large clusters of co-expressed genes could be identified in 
males and hermaphrodites: an anterior cluster including genes known to be specifically 
expressed in the head region, several clusters in the mid-body region that represent the 
germline and sperm and a group of genes in the posterior that includes tail specific genes. 
To examine these expression patterns in more detail, we plotted the expression of marker 
genes that are specific to major anatomical structures such as the pharynx, the nerve ring, 
the germline, the spermatheca and vulva, as well as the male reproductive tract and tail 
(Fig. 2C, E).

 As expected, the expression patterns of these marker genes were consistent 
with the anatomical localization and spacing of the corresponding structures along the 
anteroposterior body axis in the intact animal. Importantly, also genes expressed in 
specific pairs of neurons could be readily detected, demonstrating the high sensitivity of 
our approach. An example is cwp-1, which is expressed in only two adjacent neuron pairs 
in the head (the male specific ventral CEMV and dorsal CEMD neurons) (Portman and 
Emmons, 2004), and shows the expected single peak of expression in the anterior region 
of the male expression maps (Fig. 2F). Finally, we found that the spatial resolution of the 
expression patterns corresponded well with the 20 mm sectioning width. For example, 
the IL1, OLL and URB neurons that express the neuropeptide gene flp-3 (Li et al., 1999) 
and neurons of the nerve ring that express flp-1 (Nelson et al., 1998) are positioned 
approximately 60 mm apart in the head region. As expected, we found that the peaks of 
flp-3 and flp-1 expression were 2-3 sections apart in the hermaphrodite expression maps 
(Fig. 2D).
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Figure 2. Validation of RNA tomography expression maps. 
(A, B) Transcript distribution correlates with anatomical structures. Heatmaps of z-score normalized 
gene expression in Hermaphrodite #3 and Male #3 (genes with ≥ 15 normalized reads in ≥2 
consecutive sections are shown). Pearson correlation based clustering shows groups of genes specific 
to the head, germline and tail. The largest set of genes in hermaphrodites is germline related and is 
expressed in a symmetric way around the vulva. (C, D) Expression of representative cell and tissue-
specific marker genes in hermaphrodites and (E, F) males. The symmetric hermaphrodite germline 
anatomy (green) and the linear spermatogenic and reproductive region (blue, orange, red) in males 
are clearly delineated. Note, that the AP expression of spe-44 (initiation of spermatogenesis) and 
spe-9 (mature spermatids) correlates with the different stages of male spermatogenesis.
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Unbiased computational and manually curated alignment 
of male and hermaphrodite expression maps identifies 
region-specific genes 

Although the order of gene expression patterns along the anteroposterior axis was 
highly consistent between the different expression maps, we found some variability in the 
spacing of expression peaks (Fig. S2). This is most likely caused by subtle differences in the 
length of the animals and technical variability of the cryo-sectioning procedure. However, 
since the anatomical positions of cells in C. elegans are largely invariable (Sulston et al., 
1980; Sulston and Horvitz, 1977), we could align and merge expression maps using (1) 
unbiased computational clustering and (2) manually-curated alignment.

In the first approach, we assigned each section to a distinct region by sequentially 
braking down the expression map into smaller regions using hierarchical clustering. In 
brief, we first calculated pairwise Pearson correlations between all sections using the 
TPM-normalized data. Male sections were first separated into the 3 most distinct clusters, 
resulting in an anterior germline region (Germ1), a posterior germline region (Germ2) and 
a somatic cluster. The Germ1 cluster corresponds to the distal part of the germline, while 
Germ2 corresponds to the spermatogenic region of the germline. The somatic cluster 
contained the head and tail regions, which could be separated by their AP position. 
Moreover, we found that the head region could be further divided into two sub-clusters 
(Head1 and Head2), which correspond to the anterior part of the head; and the nerve ring 
plus anterior intestine, respectively (Fig. 3A). As hermaphrodites have a more complex 
gonadal structure (two symmetric gonad arms centered around the uterus and vulva), 
we applied a hybrid approach combining clustering with the use of marker genes. First, 
we defined the vulva as the section with the highest expression of the marker gene pes-8 
(Hope et al., 1998) (Fig S3A). 

Next, we defined the two regions region where sperm is stored as anterior and 
posterior expression maxima of the marker gene msp-3 (Kosinski et al., 2005). These 3 
sections separate the animal into 4 regions: an anterior region, two reproductive tract 
regions RT.a and RT.p flanking the vulva, and a posterior region. The anterior region was 
then separated into the three most distinct sub-clusters: Head1 (pharynx and nerve ring), 
Head2 (anterior intestine) and Germ.a (anterior arm of the gonad); and the posterior 
region was divided into two sub-clusters: Germ.p and Tail (Fig. 3B). In agreement with 
the symmetric structure of the hermaphrodite germline, the Germ.a and Germ.p regions 
showed high pairwise correlation with each other. Importantly, we found that a similar 
hierarchical clustering strategy could be used to align and merge sections from all 
sequenced animals of the same sex. As shown in Fig. 3C for the 4 male datasets (and Fig. 
S3C for the 4 hermaphrodite datasets), we found that sections separated by the same AP 
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regions as in the individual animals, but not by sample of origin.
In the second approach, we manually aligned the different expression maps using 

marker genes showing a unique expression peak at key locations along the AP body axis 
and merged the remaining sections with their most similar neighbors (see supplemental 
experimental procedures for details). Next, we combined the corresponding regions 
for each sex, and calculated the average normalized expression. This approach yielded 
merged expression maps that are of higher resolution than could be obtained with 
hierarchical clustering: the hermaphrodite expression maps could be divided into 12 
regions that include different sections of the head, the anterior intestine, vulva and tail, 
and the symmetrical structure of the germline and reproductive system (Fig. 3E, S3C). 
In males, 11 regions were defined that correspond to different parts of the head, the 
anterior intestine, the germline, parts of the reproductive tract and the tail (Fig. 3D, S3D). 

An important advantage of the merged expression maps is an increase in sensitivity 
and a corresponding decrease in noise. The merged expression maps are therefore 
especially useful for examining genes that are expressed at a low level, which can 
subsequently be further investigated in the individual high-resolution datasets. Cluster 
heatmaps of all male and hermaphrodite datasets, and comparisons of clustering to the 
marker genes used in the manual alignment are provided in supplementary dataset SX. 
To facilitate the discovery of tissue-specific genes, expression pattern of each gene (per 
section, and per algorithmic or manually assigned region) can be viewed interactively on 
the project website [URL]. 

Identification of tissue-specific genes based on 
expression pattern similarity 

Each gene in the tomo-seq expression maps displays a specific pattern along the 
AP axis. A germline gene, for example, shows a complex series of peaks that correspond to 
the anterior and posterior arms of the hermaphrodite gonad, while a neuron specific gene 
such as flp-3, shows only a single peak in the head region (Fig. 2C, D). The peak pattern of 
a gene, therefore, provides a unique fingerprint that can be used to identify other genes 
with a similar expression pattern. We developed a computational approach to identify co-
expressed genes using Pearson correlation of z-score normalized gene expression across 
sections (supplemental experimental procedures). Using this algorithm, the germline 
genes glh-1 and pgl-1, for example, show a Pearson correlation coefficient of 0.98, while 
the correlation coefficient of glh-1 with the ubiquitously expressed household gene act-1/
actin is only 0.68 (Fig. 4A, B). Thus, co-expression of genes can be reliably detected, even 
when their expression patterns are complex.

We found that peak pattern similarity provides a powerful approach to identify 
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tissue-specific genes. By taking a gene with a known expression pattern as an anchor 
point and setting a stringent threshold, this approach identifies other genes in the dataset 
that show a highly similar expression pattern. These we call “pattern specific genes”. An 
example is the identification of sperm pattern genes using the sperm genes spe-4 and 
msp-3 as anchor genes (Fig. 4E). Using a threshold of r > 0.90, we found a total of 1612 
genes in males and hermaphrodites. These include 30 out of 47 sperm specific msp genes 
and 19 out of 26 spe genes annotated in Wormbase (version WS260). Furthermore, there 
is 94% overlap with genes expressed in dissected masculinized germlines (Ortiz et al., 
2014). 

These results indicate that we have identified the majority of sperm specific genes 
and validate our approach to discover tissue-specific genes. Importantly, because of the 
stringent criteria for similarity, our approach enriches for genes that are specific to the 
tissue. This is an advantage over RNA sequencing of isolated cells or tissues, which detects 
all genes, including housekeeping genes that are expressed throughout the organism (Fig. 
4D, F).

Because our approach is based on similarity in peak patterns, there is little overlap 
between genes identified with different anchor genes, even when these are expressed 
in close proximity. The seminal vesicle and vas deferens, for example, are located next to 
each other in the male reproductive tract (Fig. 2E, 5D, 5G), but only show 7 overlapping 
genes out of 125 seminal vesicle and 323 vas deferens specific pattern genes, respectively. 
Encouraged by these results, we identified genes with specific expression patterns for 
a range of tissues and organs, including the anterior head region, the nerve ring, the 
pharynx, the germline and sperm, the spermatheca, the vulva and uterus, the male CEM 
neurons and the male reproductive tract and tail (Table S2). Furthermore, an interactive 
search tool is available on the project website [URL].

Spatial gene expression analysis identifies sexually 
dimorphic germline and sperm-specific genes

The generation of both hermaphrodite and male expression maps allowed us to 
compare sex-specific gene expression in different tissues and organs. A tissue of particular 
interest is the germline. In adult hermaphrodites, the germline produces oocytes 
that are loaded with the maternal products that are required for the early stages of 
embryogenesis, while in males the germline produces sperm (Bowerman, 1998; Ellis and 
Stanfield, 2014; Kimble and Crittenden, 2007; Sulston et al., 1980). To identify germline 
specific genes in hermaphrodites and males, we used our pattern similarity algorithm to 
search for genes co-expressed (at r > 0.90) with the germline specific genes glh-1 (Gruidl 
et al., 1996) and mei-2 (Srayko et al., 2000) (Fig. 4C). This resulted in the identification 
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of 4048 genes in hermaphrodites and 3068 genes in males (Table S2). As a validation of 
our approach, we found that most of these genes overlap with germline expressed genes 
that were identified by RNA sequencing of dissected gonads (94% for both the male and 
hermaphrodite germline genes) (Fig. 4D) (Ortiz et al., 2014). When the hermaphrodite 
and male data were combined, the total number of germline pattern genes was 4348. 
These comprise most germline specific genes that have been studied to date, including 
regulators of germ cell proliferation, meiosis and gamete production.

In addition to the 2728 germline pattern genes that were shared between the 
two sexes, there were 1297 genes that were only detected in hermaphrodites and 323 
genes that were only detected in males (Fig. 4D). Examination of the expression patterns 
of these non-overlapping genes showed, however, that most are expressed in both the 
hermaphrodite and male germline regions (Fig. S4A), with differences in gonad structure 
precluding their detection in both sexes. These results indicate that the majority of the 
germline pattern genes are expressed in both the male and hermaphrodite germline. To 
further investigate if there are sex-specific differences in the expression of the germline 
pattern genes, we examined differential gene expression in the pooled male and 
hermaphrodite datasets using DESeq2 (Love et al., 2014). We found that 1274 genes were 
>2 fold enriched in hermaphrodites (adjusted p value < 0.1) and 3895 genes in males, which 
corresponds well with bulk RNA sequencing data (Kim et al., 2016). We found that 789 of 
the germline pattern genes were >2 fold enriched in hermaphrodites, 211 (27%) of which 
were only identified in the hermaphrodite expression maps (Fig. 4D, Table S2). Moreover, 
330 of the germline pattern genes overlapped with a dataset of genes upregulated in 
feminized germlines (Ortiz et al., 2014), consistent with a specific function of these genes 
in the oogenic germline. Finally, we found that 10 of the germline pattern genes were male 
enriched (>10 fold higher expression) (Table S2), and that these genes were only identified 
in the male expression maps. Among these was fog-3, which encodes a key regulator of 

Figure 4. Identification of germline and sperm specific genes using spatial co-expression.
(A, B) Quantification of spatial co-expression using Pearson correlation. Examples of co-expression 
between the germline genes glh-1 and pgl-1 and between glh-1 and the ubiquitously expressed 
gene act-1 in Hermaphrodite #3. (C) 4048 germline specific genes were identified in hermaphrodites 
using co-expression similarity to glh-1 or mei-2 at a Pearson correlation value > 0.90. (D) 94.5% of 
the 4348 combined hermaphrodite and male germline pattern genes overlap with genes identified 
by bulk RNA sequencing of dissected gonads (Ortiz et al., 2014). 2728 germline pattern genes are 
shared between hermaphrodites and males, while 1297 were only identified in hermaphrodites. 330 
of these genes are 2-fold enriched in hermaphrodites and 211 overlap with bulk RNA sequencing 
data of oogenic germlines (Ortiz et al., 2014). (E) 1566 sperm specific genes were identified in males 
using co-expression similarity to spe-4 or msp-3 at a Pearson correlation value > 0.90. Expression in 
Male #3 is shown. (F) 94.4% of the 1602 combined hermaphrodite and male sperm pattern genes 
overlap with genes identified by bulk RNA sequencing of dissected masculinized gonads (Ortiz et 
al., 2014). 1233 sperm pattern genes are shared between males and hermaphrodites. 217 of the 
333 sperm pattern genes only detected in males are >10-fold enriched in the male transcriptome.
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spermatogenesis (Ellis and Kimble, 1995; Ortiz et al., 2014). We conclude that in addition 
to the majority of germline genes that are shared between males and hermaphrodites, 
there are also important differences in sex-specific expression. These observations are 
consistent with previous studies on dissected germlines (Ortiz et al., 2014), but our data 
and approach has the advantage that it can directly find germline specific genes without 
the need to compare to somatic data.

We used a similar approach to examine sex-specific gene expression differences 
between male and hermaphrodite sperm. In hermaphrodites, sperm is produced for a 
brief period at the end of larval development and is stored in the spermatheca to take 
part in fertilization once the animal switches to oocyte production (Ellis and Stanfield, 
2014; Nishimura and L'Hernault, 2010). Males produce sperm throughout adulthood 
and can mate with hermaphrodites to produce cross progeny. Interestingly, male sperm 
has an advantage over hermaphrodite sperm through a still poorly understood sperm 
competition mechanism (Ellis and Stanfield, 2014; Kulkarni et al., 2012; Singson et al., 
1999). In males, initiation of spermatogenesis is marked by expression of spe-44 (Kulkarni 
et al., 2012), while spe-9 is expressed in developing spermatids, respectively (Putiri et 
al., 2004). We found that these genes showed a clear spatial separation in the male 
expression maps, corresponding to the linear assembly line like structure of the male 
gonad (Fig. 2F). To identify sperm specific genes in both hermaphrodites and males, we 
used the spermatid specific genes spe-4 and msp-3 as anchor genes (Arduengo et al., 1998; 
Kosinski et al., 2005). These were expressed in two sharp peaks in hermaphrodites, and in 
a single broad peak in males (Fig. 4E, S4A, B). We identified 1566 genes in males, and 1276 
genes in hermaphrodites (1609 genes combined) that were co-expressed with either 
sperm marker (Fig. 4F, Table S2). As discussed above, these comprise the majority of the 
previously identified sperm specific genes and show 94% overlap with genes expressed in 
masculinized gonads (Ortiz et al., 2014). We found that the similarity to isolated mature 
male sperm (Ma et al., 2014) was lower (68%), which may reflect a difference in gene 
expression between the immature spermatids of young adults and the mature sperm of 
older adult males. Interestingly, while most (97%) of the sperm pattern genes identified 
in hermaphrodites overlapped with those in males, there were 333 genes that were only 
identified in males, 217 of which were >10 fold enriched in the male transcriptome (Fig. 
4F, Table S2). We propose that these are male specific sperm genes that may contribute to 
the functional and morphological differences that enable male sperm cells to outcompete 
hermaphrodite sperm.

Taken together, these results show that using spatial transcriptomics, we can 
detect sex-specific differences in gene expression in sexually-dimorphic structures, such 
as the germline and sperm, and provide new insights into male and hermaphrodite 
specific aspects of reproductive biology.
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Spatial and sex-specific gene expression analysis 
identifies male specific genes in neurons and in the 
reproductive system

Genome-wide expression studies in C. elegans have mostly focused on the 
hermaphrodite, while the male transcriptome has remained relatively understudied 
(Kim et al., 2016). Motivated by the identification of male sperm genes, we therefore set 
out to characterize male specific genes that are expressed in cells required for mating 
and fertility. The successful mating of a male with a hermaphrodite depends on specific 
adaptations of the male nervous system and tail. Neurons such as the male specific CEM 
and MCM neurons in the head as well as mechanosensory and chemosensory neurons in 
the tail are required for detecting the hermaphrodite and locating the vulva (Sammut et al., 
2015; Wang et al., 2014), while coupling to the vulva is mediated through the specialized 
structure of the male tail (Liu and Sternberg, 1995). Furthermore, sperm storage and 
ejaculation is dependent on parts of the male reproductive tract (including the seminal 
vesicle and vas deferens), which are also responsible for producing seminal fluid and the 
activation of spermatids prior to injection into the uterus of the hermaphrodite (Ellis and 
Stanfield, 2014; Kim et al., 2016; Palopoli et al., 2008; Smith and Stanfield, 2011).

The two pairs of CEM neurons (CEMV and CEMD) are located at a similar AP position 
in the head. The CEM neurons express genes related to the polycystic kidney disease (pkd-
2) pathway, and share this profile with the HOB and RnB ray neurons in the tail (Barr and 
Sternberg, 1999; Wang et al., 2015; Wang et al., 2014). We used one of these genes, cwp-
1 (Fig. 1F), as an anchor gene to identify co-expressed genes in the head region (Fig. 5A, 
Table S2). Since the CEM neurons are only present in males, genes specific to the sections 
containing the CEM neurons are expected to be enriched in the male transcriptome. We 
found that 42 (24%) of the 173 genes co-expressed with cwp-1 showed a >5 fold higher 
expression in males (Fig. 5B, Table S2). These included known CEM specific genes such as 
cwp-2, pkd-2 and trf-1. Furthermore, 25 of the 42 male enriched genes were also found 
by bulk RNA sequencing of isolated extracellular vesicle releasing neurons (EVN), a subset 
of 27 different neurons that includes the CEM, HOB and RnB neurons (Wang et al., 2015). 
To further validate our results, we generated transcriptional reporters for trf-1 and the 
uncharacterized gene F49C5.12. As expected, both genes were specifically expressed in 
the CEM neurons in the male head region (Fig. 5C, S5A). We conclude that combining 
pattern similarity with sex-specific gene expression is a powerful approach to identify 
gene expression in individual male neurons.

Encouraged by these results, we set out to identify genes that are specifically 
expressed in the male tail, the seminal vesicle and the vas deferens. For the male tail, we 
selected cwp-1 (for its expression in the HOB and RnB neurons) and flp-25, a neuropeptide 
gene that showed a specific peak of expression at the posterior end of our expression 
maps. We found 375 genes to be co-expressed with these marker genes, 123 of which 

Abel.thesis.v14.indd   115 23/03/18   16:09



116  

4 Figure 5. Identification of male specific genes expressed in male specific neurons and the 
reproductive tract. 
(A) Identification of genes expressed in the male CEM neurons and the HOB and RnB neurons in the 
tail. The anchor gene cwp-1 is shown in green. Genes detected (r > 0.90) in both the CEM neurons 
and the tail (Table S2) are shown in grey. (B) Genes detected in the CEM neurons using cwp-1 
(*) and tail neurons using cwp-1 and flp-25 (**) as anchor points. The number of genes >5-fold 
enriched in males is shown in red. (C) Expression of transcriptional reporters of the CEM pattern 
genes trf-1 and F49C5.12 in the CEM neurons (arrow heads). Scale bar is 25 μm. (D) Identification of 
genes expressed in the seminal vesicle. The anchor gene ins-31 is shown in orange. Male enriched 
genes detected (r > 0.90) in at least 2 datasets are shown in grey. (E) 126 seminal vesicle pattern 
genes were identified, 113 of which are >5-fold enriched in the male transcriptome. (F) Validation 
of the expression of 2 seminal vesicle pattern genes (seminal vesicle indicated by arrow head). (G) 
Identification of genes expressed in the vas deferens. The anchor gene clec-207 (solid line) and clec-
219 (dashed line) are shown in red. Male enriched genes detected (r > 0.90) in at least 3 datasets 
are shown in grey. (H) 323 vas deferens pattern genes were identified, 162 of which are >5-fold 
enriched in the male transcriptome. (I) Validation of the expression of 2 vas deferens pattern genes 
(arrow heads point to the vas deferens). For all reporters, at least 2 independent transgenic strains 
per gene were analysed.
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were >5 fold enriched in males (Fig. 5B, Table S2). 26 of these genes overlapped with the 
CEM specific pattern genes, which is consistent with the shared EVN expression profile of 
these neurons (Wang et al., 2015). 

To identify seminal vesicle specific genes, we used the previously identified marker 
gene ins-31 as an anchor gene (Fig. 5D) (Kim et al., 2016). We found 126 genes with a 
similar peak pattern, the majority (90%) of which were male specific (>10 fold higher 
expression) (Fig. 5E, Table S2). Among these is try-5, a known seminal vesicle specific 
gene that is required for sperm activation (Smith and Stanfield, 2011). To further validate 
these results, we generated transcriptional reporters for two of the uncharacterized 
genes (F17E9.3 and Y110A2AL.7) and confirmed that both are specifically expressed in 
the seminal vesicle (Fig. 5F, S5B). 

For the vas deferens, we used the markers clec-209 and clec-219 (Kim et al., 2016). 
We found 323 co-expressed genes, 162 of which were male specific (>10 fold higher 
expression) (Fig. 5G, H, Table S2). Again, we picked genes (fipr-17, clec-137 and C09G12.5) 
for validation and found that all were specifically expressed in the vas deferens (Fig. 5I, 
S5C). Interestingly, a quarter of the vas deferens genes encode C-type lectins, a class of 
proteins that bind carbohydrates in a calcium dependent manner (Drickamer and Fadden, 
2002). Together, these results provide unique insight into sex-specific gene expression in 
male neurons and the male reproductive system.

Identification of novel male mating and fertility genes

The successful identification of genes specific to male neurons, the male tail, and 
the male reproductive tract prompted us to examine the function of the identified genes in 
mating and fertility. We measured mating efficiency as the ability of males to sire progeny. 
For this, we crossed wild type, RNAi treated males with dpy-5 hermaphrodites. dpy-5 
mutants have an easily recognizable, recessive Dpy phenotype, enabling us to distinguish 
self-progeny (Dpy) from heterozygous cross-progeny (wild type). We depleted 29 male tail 
and CEM specific genes, 34 seminal vesicle genes and 57 vas deferens genes (Table S3) 
and found 10 genes that induced a significant decrease in cross-progeny (Table 1). Among 
these are 5 uncharacterized genes that encode small (62 - 133 amino acid) proteins, 2 
genes that encode C-type lectins and 3 genes that have mammalian homologs. These 
include clc-4, which encodes a Claudin protein, frm-8, which encodes a FERM domain 
containing protein and grd-4, which encodes a Hedgehog-like protein. Interestingly, 
the uncharacterized proteins and the two C-type lectins are predicted to be secreted, 
indicating that they may represent novel components of the seminal fluid that are required 
for male fertility. Taken together, these results demonstrate that combining pattern-based 
gene identification with RNAi screens is a powerful new approach to identify novel tissue-
specific gene functions.
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Discussion

Genome-wide expression maps of C. elegans: an 
expression pattern resource and a tool for tissue-specific 
gene identification

We used RNA tomography to generate the first genome-wide gene expression 
maps of C. elegans males and hermaphrodites. Despite the low amount of input material 
(with a sectioning width of 20 mm, sections outside of the germline contain only about 
20-30 cells), this resulted in high complexity data, with the majority of young adult stage 
genes detected in our datasets. Examination of cell specific marker genes confirmed the 
high spatial resolution of the expression maps and demonstrated that genes expressed 
in small numbers of cells, such as specific neurons, can be readily detected. Since the 
anatomy of C. elegans is largely invariant (Sulston et al., 1980; Sulston and Horvitz, 1977), 
sensitivity could be further increased by aligning and pooling datasets. These pooled 
expression maps, which were generated by unbiased transcriptome-wide clustering as 
well as by manual alignment, are especially useful for analyzing lowly expressed genes. 

In addition to examining expression patterns on a gene-by-gene basis, a powerful 
application of the expression maps is the identification of tissue-specific genes. We 
developed a computational approach that identifies co-expressed genes based on 
similarity in expression patterns and showed that this can be used in combination with 
marker genes to identify tissue-specific genes. An advantage of this approach over RNA 
sequencing of isolated cells or tissues is that it focuses on genes that are specific to the cell 
or tissue, while ubiquitously expressed genes are filtered out. We have identified genes 
that are specifically expressed in major organs and cell types of males and hermaphrodites, 
providing important new insight into tissue-specific gene expression profiles.

The expression maps and an interactive search tool for finding co-expressed genes 
are accessible on the project website [URL]. Both resources provide valuable information 
on the tissue-specificity and thus possible function of genes of interest, and are a starting 
point for further analysis using microscopy based techniques such as single molecule 
fluorescent in situ hybridization (smFISH) or fluorescently-tagged reporter transgenes.
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Gene expression maps as a tool to study sex-specific 
gene expression differences in male and hermaphrodite 
tissues

As an application of our approach to identify tissue-specific genes, we focused on 
sex-specific gene expression differences in the germline, sperm, and specific somatic cells 
of the male. Using meiotic markers in the germline as anchor genes, we identified over 
4000 genes with a germline specific expression pattern. Among these are the majority 
of germline genes that have been described to date. We found that most germline 
pattern genes are shared between the two sexes, but that there are also clear sex-specific 
differences in expression levels that are consistent with the distinct spermatogenic and 
oogenic functions of the male and hermaphrodite germline. These results are in agreement 
with previous studies on dissected gonads (Ortiz et al., 2014), but are enriched for genes 
that are specific to the germline. Interestingly, we found that the difference between 
male and hermaphrodite sperm genes was more pronounced than what we observed 
for the germline. Thus, while most hermaphrodite sperm genes overlapped with male 
sperm genes, there were over 200 sperm pattern genes that were male specific. Male 
sperm has the ability to displace hermaphrodite sperm from the spermatheca to ensure 
the effective production of cross-progeny (Ellis and Stanfield, 2014; LaMunyon and Ward, 
1998; Singson et al., 1999). This sperm competition mechanism is still poorly understood, 
but it is clear that the larger size and increased motility of male sperm plays a key role in 
this process. We suggest that the male specific sperm genes that we have identified may 
contribute to these morphological and functional differences.

We adapted this approach to identify genes expressed in specific somatic cells of the 
male. To extract the male specific genes from genes that are similarly expressed between 
the two sexes, we combined pattern similarity search with sex-specific differential gene 
expression analysis. This proved to be an effective way to find genes that are specifically 
expressed in the male CEM and tail neurons, and the seminal vesicle and vas deferens 
regions of the male reproductive tract, as shown by the detection of previously identified 
marker genes for these tissues and validation with transgenic reporters. RNAi mediated 
depletion of these male specific genes identified 10 genes that are essential for male 
mating or fertility. Interestingly, we found that 5 of the 7 seminal vesicle and vas deferens 
genes with a male fertility phenotype encode small, secreted proteins. One of the 
functions of the seminal vesicle and vas deferens is the production of seminal fluid. The 
seminal fluid is required for the ejaculation of sperm cells during copulation, but also 
plays an important role in sperm activation and potentially in sperm competition (Ellis 
and Stanfield, 2014; Kim et al., 2016; Palopoli et al., 2008; Smith and Stanfield, 2011). We 
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propose that the 5 secreted proteins that we have discovered are novel components of 
the seminal fluid that play an essential role in male fertility. These results illustrate the 
power of combining pattern similarity analysis with RNAi screens to identify novel tissue-
specific gene functions.

Applications of spatially resolved transcriptomics in C. 
elegans and other nematodes

The expression maps that we have generated give a detailed overview of gene 
expression patterns in young adult males and hermaphrodites. A valuable addition will 
be the generation of expression maps of the different larval stages, which will provide 
insight into gene expression pattern changes during post-embryonic development. 
Importantly, since our work shows that expression maps from different animals can be 
aligned, RNA tomography can also be used as a powerful tool for comparative studies. 
For example, gene expression patterns can be compared between wild type and mutant 
animals, or between the laboratory strain Bristol N2 and strains isolated from the wild. 
Since nematodes share a common body plan, such comparisons can be extended to 
other nematode species to analyze spatially resolved gene expression differences in an 
evolutionary context. Such studies will be especially useful for the functional annotation 
of the many uncharacterized genes in nematode genomes.
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Supplemental experimental procedures
C. elegans strains and culture

Unless noted otherwise, C. elegans strains were cultured at 20°C using standard 
conditions (Lewis and Fleming, 1995). For RNA tomography, young adult Bristol N2 
males and hermaphrodites, or young adult glp-1(q231) mutants (grown at the restrictive 
temperature of 25°C) were used. Other mutant alleles were dpy-5(e61) and him-5(e1490).

C. elegans reporter constructs and transgenesis
Transcriptional reporters were generated by combining approximately 1500 bp 

of upstream promoter sequence with fluorescent reporter genes. For cwp-1, F17E9.3 
and Y110A2AL.7, PCR amplified promoter fragments were combined with mCherry 
or tdTomato and the unc-54 3’ UTR through Gateway cloning. For all other genes, the 
promoter fragment was fused to GFP and the unc-54 3’ UTR through fusion PCR (Hobert, 
2002). All reporter constructs and PCR products were injected into him-5(e1490) at 30-50 
ng/ml with the co-injection marker rol-6(su1006) (pRF4) at 30 ng/ml and pBluescriptII to 
a total concentration of 150 ng/ml. Table S4 lists the transgenic reporter strains used in 
this study. For epifluorescence and DIC imaging animals were mounted on 2% agarose 
pads containing 10 mM sodium azide. Images were acquired using a Zeiss Axioscope 
microscope equipped with a Zeiss Axiocam digital camera. Figures were prepared using 
ImageJ software. 

RNAi screen
Bacterial clones for feeding RNAi of 129 candidate genes and the positive control 

itr-1 (Gower et al., 2005) were selected from the Vidal and Ahringer libraries (Kamath 
et al., 2003; Rual et al., 2004) (Table S3). To assay male fertility, four him-5(e1490) 
hermaphrodites were grown on RNAi bacteria at 15°C for 5 days. For the initial screen, 
performed in duplicate, 6 adult male offspring were crossed with 3 L4 dpy-5(e61) mutants 
and kept at 20°C. Adult males were removed after 1 day, and after 3 days the number of 
self-progeny (Dpy) and cross-progeny (WT) was counted. Clones that scored positive were 
further tested 5-8 times with male/hermaphrodite ratios of 5:3, 2:2, and 1:1.

Preparation of sequencing libraries
Live young adult males or hermaphrodites were oriented perpendicular to 

the sectioning axis, frozen and cryo-sectioned as described (Junker et al., 2014) with a 
sectioning width of 20 mm. mRNA extraction, barcoding, reverse transcription and in vitro 
transcription were performed as described (Junker et al., 2014) according to the CEL-seq 
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protocol (Hashimshony et al., 2012) using the Message Amp II kit (Ambion). Illumina 
sequencing libraries were subsequently prepared according to the CEL-seq2 protocol  
(Hashimshony et al., 2016) using the SuperScript® II Double-Stranded cDNA Synthesis Kit 
(Thermofisher), Agencourt AMPure XP beads (Beckman Coulter), and randomhexRT for 
converting aRNA to cDNA using random priming. The libraries were sequenced paired-
end at 50 bp length read length on Illumina HiSeq 2500.

Data analysis
Read Alignment (Mapping)
We aligned the 50 base pair paired-end reads to the C. elegans references 

transcriptome, which was compiled from the C. elegans reference genome WS249. The 
transcriptome reference, is available in fasta format under: https://github.com/vertesy/
TheCorvinas/tree/ master/Biology/Sequencing/C_elegans. For alignment, we used our 
custom wrapper MapAndGo2 (https://github.com/vertesy/TheCorvinas/tree/master/
Python/MapAndGo2) around BWA MEM (Li and Durbin, 2010).

Transcript Counting
MapAndGo2 aligns Read 2 against the forward strand of the reference 

transcriptome, and selects uniquely mapped reads (mapq ≥20 and no 'XA' or 'SA' BWA 
tags). Read 1 contains the sample-barcode, and the unique molecular identifier (UMIs) 
and it is used for transcript counting. First, uniquely mapped reads are assigned to 
samples using the sample barcodes. In the next step, duplicate reads are removed using 
UMIs. These reads originate from the same original mRNA molecule and are amplification 
duplicates. Such reads are defined by mapping to the same gene in the same cell and 
having the same UMI. Finally, we converted the number of observed UMIs into transcript 
counts based on random sampling with replacement (Grun et al., 2014).

Analysis of Count Data
We analyzed count data in R (v 3.3.2). Custom analysis scripts will be accessible 

upon acceptance at https://github.com/vertesy/tomoseq_elegans. We used the 
R-packages: MarkdownReports, pheatmap, ggplot2 and corrr for visualization; DEseq2 for 
differential gene expression analysis, and a set of other custom scripts accessible under 
https://github.com/vertesy. The mapping reference contained cosmid ID-s, which were 
converted first to WB-gene identifiers, then to gene names. Cosmid or Wormbase gene 
IDs were retained for genes where no matching Wormbase gene ID or gene name was 
found.

Filtering Sections and Genes
First, we used raw, UMI-converted transcript counts for each animal to assess 
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library complexity (transcript and gene counts). We discarded animals with either less 
than a million transcripts or less than 10000 detected genes. Next, we removed low 
quality sections. For that, we normalized all animals to the same total transcript count to 
account for differences in sequencing depth, then we removed sections with less than 50 
genes expressed at least at 10 normalized transcripts. We also removed all genes that did 
not have at least 10 normalized transcripts in at least 1 section.

Normalization
We normalized each filtered, high quality dataset so that each section has 1 million 

transcripts, so that we can quantify and compare relative expression as transcript per 
million (TPM) values. Note, that in CEL-seq only one 3' fragment is sequenced, hence 
there is no need to normalize for mRNA length: it is only necessary for full length mRNA 
protocols, such as SMART-seq. TPM expression values were also z-score transformed per 
gene so that genes with similar anterior posterior (AP) expression patterns can be found 
regardless of their absolute expression value.

Comparison to dataset Kim et al. (Kim et al., 2016)
A recent publication quantified sex specific gene expression in C. elegans, 

sequencing mRNA in up to 600 animals per sample (Kim et al., 2016) . We downloaded 
the normalized count data (Table S1) and we counted all detected genes in the M5 (young 
male) and in the H5 (young hermaphrodite) samples. Next, we similarly counted genes in 
our datasets (4 males and 4 hermaphrodites) and found 93% and 95.3% overlap between 
the hermaphrodite and male datasets, respectively.

Gene Clustering
To visualize global gene expression patterns along the AP axis we clustered and 

displayed the z-score normalized gene expression in all sections using hierarchical 
clustering (Fig 2A, B). To focus on expression in larger regions, we subset to genes that 
show at least 15 normalized reads in at least 2 consecutive sections. To show that this 
selection does not affect the observed pattern we also show z-score expression of all genes 
in supplementary dataset X. z-score transformation completely removes information on 
expression differences of genes, thus it is ideal to find genes that are co-regulated along 
the AP axis. However, when we compare sections, absolute expression level of individual 
genes is important, therefore we used TPM-normalized data to find similarities across 
sections.

Identification of anatomic regions
We calculated the pairwise Pearson correlation of all sections using all genes. Next, 

we sequentially broke down the animals into smaller and smaller regions using hierarchical 
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clustering. In case of the hermaphrodites we made use of 2 marker genes. We used the 
single maximal expression of pes-8 to define the vulva, which is the symmetry axis of 
germline structures. We also identified the symmetric, sperm containing sections by the 
expression maxima of msp-3 anterior and posterior of the vulva (Fig. S3A).

Co-clustering of regions across animals
We show that the anatomic regions identified in individual animals are reproducible 

across different animals, and that they are not affected by batch or individual-to-
individual variation. Therefore, we combined all datasets from the same sex and clustered 
all sections using Pearson correlation, as before. The upper bars in Fig. 3C and Fig. S3B 
indicate that the sections cluster by the regional identity identified in individual animals 
and not by sample of origin.

Manually curated alignment of animals
Marker genes at specific locations along the AP axis were selected from genes 

displaying specific peak expression patterns. TMP normalized datasets were aligned and 
pooled based on marker gene expression. In case a section showed overlapping marker 
gene expression (z-score > 1), the overlapping section was added to both regions. Sections 
with no marker gene expression (z-score < 1) were added to the closest matching region.

Alignment and pooling of regions
After the identification and validation of anatomical regions, we added up transcript 

counts for all section either per clustering based regions or per manually curated regions. 
These datasets can be browsed at the project website [URL].

Identification of spatially co-expressed genes
We implemented a similarity search algorithm which identifies all genes similar 

to a chosen gene of interest that is accessible on our website [URL]. Similarity across 
sections is calculated using either Pearson or Spearman correlation or by Euclidean or 
Manhattan distance of gene expression. Either TPM-normalized or z-score normalized 
data is suggested to use, but any genes by sections (rows, columns) formatted expression 
data matrix can be fed to the function. 

Data Resources
RNA-seq data are deposited on Gene Expression Omnibus, accession number 

GSEXXX. The analyzed data set is available on the project web page [URL] to (1) display 
raw and normalized gene expression, (2) display merged, region specific gene expression 
and (3) identify spatially co-expressed genes.
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Supplementary Figure 1 (related to Figure 1). 
Venn diagram of genes with >10 transcripts in at least 1 
section in the 4 hermaphrodite expression maps. 69% of 
genes are detected in each of the 4 datasets.

Supplementary Figure 2 (related to Figure 2). Coefficient of variation of relative peak position 
of genes displayed in Figure 2. Maximum expression position is calculated for each gene, and is 
expressed as percentage distance from the head in each animal. Coefficient of variation (CV) of 
relative position was calculated over all four animals of the same sex.

Supplementary Figure 3 (related to Figure 3). (A) Position of vulva/uterus (pes-8) and sperm (msp-
3) expression peaks in the 4 hermaphrodite expression maps. The expression maxima were used 
to define reference points in the symmetrical hermaphrodite gonads to separate anterior and 
posterior parts of regions determined by hierarchical clustering. (B) Multi animal correlation for 
hermaphrodites, counterpart of Figure 3C. As in males, major regions cluster by anatomical identity 
rather than by sample of origin when all sections from all four hermaphrodites are clustered 
together. (C, D) Expression of the marker genes used for manual alignment in the merged datasets. 
Expression is mean normalized transcript count ± standard deviation. AP anterior pharynx region, 
NR nerve ring, AI, anterior intestine region, ST spermatheca, VU vulva and uterus region, SV seminal 
vesicle, VD vas deferens.

Supplementary Figure 4 (related to Figure 4). (A) Expression patterns of germline pattern genes 
(identified at r > 0.90) in males and hermaphrodites. Most germline genes only identified in 
hermaphrodites also show expression peaks in the male gonad. (B) Expression patterns of sperm 
pattern genes (identified at r > 0.90) in males and hermaphrodites.
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Supplementary Figure 5 (related to Figure 5). Validation of male specific pattern genes expressed 
in male specific neurons and the reproductive system. 
(A) Expression of Ptrf-1::GFP and PF49C5.12::GFP reporter strains in the male head and tail region. 
In the male head the expression pattern overlaps that of Pcwp-1::mCherry, confirming expression 
in the CEM neurons. In the tail the expression pattern only partially overlaps with Pcwp-1::mCherry. 
No expression of F49C5.12 was observed in hermaphrodites. Scale bar is 25 μm. (B) Expression of 
the seminal vesicle pattern genes PF17E9.3::tdTomato and PY110A2AL.7::tdTomato in the mid-tail 
region, which was confirmed to be the seminal vesicle by DIC imaging. No expression was observed 
in hermaphrodites. (C) Expression of the vas deferens pattern genes Pclec-137::GFP, Pfipr-17::GFP 
and PC09G12.5::GFP in the posterior part of the male tail, which was confirmed to be the vas 
deferens by DIC imaging. No expression was observed in hermaphrodites, except for an unidentified 
cell in the head region for C09G12.5. For all reporters, at least 2 independent transgenic strains per 
gene were analyzed.
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Supplementary Table 1. Overview of RNA sequencing data. 
Reads, total number of mapped sequencing reads. Transcripts, total number of transcripts based on 
UMI correction. Genes, total number of genes defined by ≥1 or ≥10 transcripts.

Supplementary Table 2. Tissue-specific pattern genes. 
Marker genes (reference genes) and datasets are indicated for each tissue. The threshold for 
similarity in expression pattern is a Pearson correlation value (r) of >0.90. For each gene, the 
cumulative r values for the male datasets (Sum R male), the hermaphrodite datasets (Sum R herm) 
and the total sum of r values over all datasets (Sum R total) are indicated. At a cumulative r value 
of >1.8, a gene is observed in at least two datasets. In case of the germline, sperm and the male 
reproductive tract, additional information is provided on male or hermaphrodite enriched genes. 
Known tissue-specific genes are indicated in green.

Supplementary Table 3. 
Male neuron and reproductive tract pattern genes tested in RNAi screen for male fertility defects.

Supplementary Table 4. Transgenic lines that were generated in this study.
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needed, but you need to do 
what you can.” 

Gábor Bethlen, 1580-1629
Prince of Transylvania
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Discussion and Outlook

In this thesis we explored different aspects of germ cell development and function 
in various model organisms from C. elegans to human. First of all, we provided the research 
community with transcriptome wide gene expression atlases at single-cell level, or in the 
case of C. elegans with 20 μm spatial resolution. To help the community exploring this 
data, we are currently developing an interactive website.

Nonetheless, the real contributions of this thesis were the biological discoveries 
we made along the journey. By combining separate, recently developed methods and 
developing new analytical approaches, I hope to have contributed to the quest of 
understanding germ cells. In particular, our findings delineated specific aspects of germ 
cell development, X chromosome reactivation, meiotic sex chromosome inactivation, and 
last but not least elucidated new ways in the interplay of soma and germline in C elegans.

In the first study, we explored a hardly accessible system: maturing primordial 
germ cells inside the gonads of first and second trimester human embryos. Unlike mice, 
human fetal ovaries are known to mature asynchronously (Anderson et al. 2007; Guo et 
al. 2015). We found that the heterogeneity known from the expression of marker genes 
(Anderson et al. 2007) extends to widespread differences in the transcriptome of the 
cells. We found distinct transcriptional signatures of pluripotency positive, differentiating, 
and meiotic germ cells, which coexisted in the same gonad.

By combining haplotype reconstruction with single-cell mRNA sequencing, we 
could analyze chromosome X reactivation at a chromosome wide scale in humans. Unlike 
previously reported (Guo et al. 2015), we found that X reactivation is a progress extending 
up to the second trimester and that it correlates with transcriptional program, but not 
with fetal age. We then reanalyzed previous data and found that the same ratio (~20%) of 
germ cells are in the process of X-reactivation. Next, we analyzed an epigenetic transition, 
which can be detected by allele specific expression: the erasure of imprints. Similarly to 
X reactivation, we found signs of incomplete epigenetic reprogramming. As for imprints 
however, it was related to specific classes of genes, and erasure was related to embryonic 
age. Finally, we confirmed these findings by targeted methylation of sequencing of 
imprinted loci.

This project is just the first step towards the quantitative understanding of 
epigenetic reprogramming and related germ cell development. While obtaining human 
fetal samples is challenging, future work with a magnitude more cells could precisely 
quantify the timescale and order of reprogramming. Functional studies in mice could  
answer why imprinted genes are erased at specific times, while the X chromosome 
seem to activate randomly, and what are the true drivers of female premeiotic germ cell 
development.
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In the next chapter we analyzed thousands of cells entering meiosis in a much more 
accessible system: the testes of mice. Employing a Dazl-GFP mouse line (H. H. Chen et al. 
2014) we could specifically isolate pre-meiotic spermatogonia and spermatocytes in the 
prophase of meiosis I. This allowed us to address multiple open questions in these stages 
(Sun et al. 2014; Turner 2015). First of all, meiotic entry of spermatogonia is currently 
impossible to induce without co-culturing with somatic cells (Zhou et al. 2016). Purely 
biochemically defined spermatogenesis is necessary to address issues of male infertility 
(Sun et al. 2014). 

We show that meiotic entry is the major switch in early spermatogenesis, followed 
up by a series of smaller scale transcriptomic changes leading up to pachytene. The relative 
smaller complexity of steps after meitoic induction is promising for in vitro gametogenesis, 
as it suggests that meitoic induction might be the last missing link in the procedure (Sun et 
al. 2014). During this generally gradual change, there is one major transcriptional change: 
the silencing of the sex chromosomes (Turner 2007). We extensively cross-validated the 
timing of silencing by comparing to markers of genes with known expression time and 
found out that sex chromosome inactivation anti-correlates with H2afx induction. This 
is surprising, because H2afx is ubiquitously present in the genome, already before the 
sex chromosome inactivation and is thought to be regulated on the transcriptional level 
(Turner et al. 2005; Bellani et al. 2005). In line with transcriptional regulation, we found no 
change in the expression level of the kinases regulating H2afx. Of course, it is well possible 
that the regulators themselves are regulated post transcriptionally (Jazayeri et al. 2006), 
which requires biochemical methods to be investigated. Finally we extended our analysis 
chromosome-wide and found rather different silencing times for genes. Also, we found 
that early and late silenced genes are enriched in different subcellular localisation. This 
description of the process will hopefully help us find out how entire chromosomes are 
silenced in a tightly controlled manner. This, in turn may one day be applied in synthetic 
biology or medicine.

In the last research chapter we applied a different technique, RNA tomography 
(Junker et al. 2014) to investigate spatial gene expression in C elegans. This approach has 
both its advantages and disadvantages. While transcripts cannot be assigned to individual 
cells, RNA tomography offers  transcriptome wide, spatial information on gene expression 
at the 20 μm scale. By optimizing the procedure, and more advanced cryosectioning and 
fixation, one can section in thinner slices. While reconstruction in multiple dimensions 
require analytical deconvolution, in systems with a single most important axis, this 
application is well suited (Lacraz et al. 2017). Its longitudinal anatomy makes C. elegans a 
suitable organism to study by RNA tomography.

We sequenced and analyzed multiple hermaphrodite and male animals and 
identified anatomical structures in each sex and animal separately. This then allowed the 
comparison of matched structures across sexes and animals. In our study, we focused 
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on the reproductive system and the head. To find the location and sex-specific genes, 
we combined sex-specific differential gene expression analysis with pattern similarity 
search. Although C elegans have a fixed number of cell, the number of neurons differ per 
sex. The male neural system follows the basic, hermaphrodite system, but has a number 
of additional neurons (Sulston, Albertson, and Thomson 1980), which are thought to 
be involved in reproduction (Emmons and Lipton 2003). Our combinational analysis 
allowed us to find genes that are expressed in a single pairs of male specific neurons 
in the head, which we validated by independent methods, demonstrating the power of 
the approach. This is particularly interesting, because the new and optimized protocol 
allows higher resolution, at which neurons can be discriminated much more precisely. 
Such a development might be of particular interest for neuroscience. Although C elegans 
is currently the only organism with a fully described connectome (White et al. 1986), 
even here the modes and strength of neural interactions are largely unknown (Bargmann 
2012). These largely depend on the combination of neuropeptides that each cell uses, 
which could now be determined by spatial transcriptomics throughout the animal. 

In much larger structures, like the germline and reproductive tract we found 
extensive sex-specific differences, which points towards a key question in germ cell 
biology: the interplay of soma and germline in reproductive success. RNA-tomography 
is also useful for studying local effects of key genes. Spatial transcriptomics of knockout 
animals can potentially map tissue specific effects and regulation.

Thirdly, the combination of RNA-tomography with organ identification also has 
tremendous potential for evolutionary comparisons. Distant evolutionary relatives of 
C elegans could be sequenced, and regardless of their largely non-annotated genome, 
anatomic structures can be identified. Spatial expression (co-)expression patterns can 
predict gene function at genome wide scale. 

Taken together the work presented in this thesis addressed and answered different 
questions related to germ cell function and development in a diverse set model organisms. 
By applying recently developed methods of single-cell and spatial transcriptomics we could 
draw a high resolution, yet and comprehensive picture of these systems. Importantly, 
this high resolution view was not a mere tour de force: in all three research chapters we 
discovered the involvement of uncharacterized genes, as well as unexpected dynamics in 
germ cell development and function.

As so often in science, we gave a handful answers and opened up many new 
questions. Yet by applying, combining and developing novel approaches, this work also 
paved ways for answering some of the questions that emerged on the way.

On the shoulders of giants we stand, and I hope to have contributed a small share 
towards the progress of human kind.
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Summary

Cells are the unit of life
Cells are the smallest units that live and can reproduce independently. Cells form 

tissues, which in turn build up the organs, each of which is responsible for specific functions 
of our body. The human body is estimated to have 3.72 × 1013 (or 37200000000000) cells, 
composed of hundreds of cell types. Each cell has the same DNA, but each cell uses only a 
part of it. This makes them different and allows them to specialize on different functions. 
The DNA is a very long molecule containing all the information needed to build up our 
bodies, which is written in a four-letter alphabet: A, T, G, and C. The units (sections) of DNA 
are genes. Each gene is responsible for one "molecular" function, such us taking up sugar, 
binding cells to each other. When a gene is used, that piece of DNA is first transcribed 
(copied) into an mRNA (messenger RNA), which is then translated into a protein. The 
more copies of a certain mRNA you find, the more the cell is busy with that function. To 
have a complete picture about what a cell is doing, you should describe all the genes it 
uses. In other words, if you can measure all the mRNA copies that a cell produces, you will 
have a broad understanding what that cell is really doing.

Drawing a complete picture
But how can we measure it? RNA-sequencing is a technology that allows us to 

do this. Sequencing means a machine reading out the letters of RNA (or DNA).  What 
happens in a sequencing experiment is that you take a piece of RNA, and you read out the 
sequence of letters. If you read enough letters, you can find out which gene it was copied 
from. By doing this for all pieces of mRNA in all cells, you can count and compare all genes 
across all of your cells. Each of the cells have ~100 femtograms (0.0000000000001 grams) 
of mRNA, therefore we need very sensitive methods to detect these. Thanks to the efforts 
many labs, including ours, one can now do RNA-sequencing form only single cells.

From a picture to a movie
Cells of your body constantly born and die. New born cells are unspecialized, and 

they have to differentiate to later fulfill their specific roles. Because this process often 
happens at hidden places in the body, it is often not well understood. While mRNA-
sequencing gives a detailed picture, it is just a snapshot: describes the cell at one point 
in time. You can, however use computer algorithms to order these "pictures" (mRNA 
count tables), and thereby reconstruct how differentiation happens. The trick is, that 
many of the changes (in gene expression) happen gradually during differentiation. Finding 
these gradual changes across all cells allows determining the progress (the stage of 
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differentiation) of each cell. This approach is called pseudotemporal reconstruction. This 
technique is called pseudotemporal reconstruction, and we used it in our first and second 
chapters: for instance we could describe how male germ cells switch to a different cell 
cycle during differentiation.

Maps of gene expression
In single-cell mRNA sequencing, when you dissociate an organ into cells you lose 

track where they were physically located. This is very important for instance to find out if 
all parts of an organ are the same, or different parts do different things? To answer such 
questions, you can directly slice a sample (or a whole animal) into pieces, and sequence 
each piece keeping the information where they came from. This approach is called 
RNA-tomography. We used this approach in the third chapter; we created a tip-to-tail 
expression map of C. elegans, one of the simplest animals studied in the lab.

The germline connects all generations from the beginning 
of life

The germline is composed of cells exclusively responsible for reproduction, such as 
the eggs and sperm that create the life of a new generation. Although the rest of our body 
is also necessary to survive, these cells do no pass on information to the next generation. 

Cells of the germline however, pass on information between generations from the 
earliest organisms. Because of their function in fertilization, understanding these cells is 
also critical in fertility. As human fertility in western countries unstoppably declining over 
the last decades, it might soon be a critical problem that needs a solution. The germline 
therefore is both a conceptually and clinically relevant subject of study.

Chapters of the thesis
In our study of germ cell differentiation, we applied two recently developed 

technologies on the germline of various model organisms: single-cell mRNA sequencing 
and RNA-tomography. For the first time we could look at gene expression with such a high 
resolution, and this led us to discover the function of unknown genes, and describe the 
localization and dynamics of gene expression. 

In Chapter 1 I introduce the relevant biology and technology for the following 
chapters. I briefly explain the soma vs. germline difference, sexual reproduction and 
the differences between the male and female germline. Next, I introduce meiosis, a cell 
division intimately linked to germ cell maturation. Subsequently I address the special role 
of sex chromosomes during germ cell differentiation. Finally, I introduce the experimental 
and computational tools utilized in this work. 
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In Chapter 2 we studied the female human germline during fetal development 
using single-cell mRNA sequencing. All humans have two copies of their genome in every 
cell: one inherited from the mother and one from the father. These are called alleles. Cells 
use many genes from one specific allele only, but these differences are erased in mature 
germ cells. If genes are only used from one of the two genomes, it is called allele specific 
gene expression. There are two big classes of such genes in females: imprinted genes, and 
genes on the X chromosome. We found surprising differences between these two groups 
in how they lose their allele specific expression. While imprinted genes are activated in a 
strict order, the X-chromosome seems to activate without a defined order. 

In Chapter 3 we applied single-cell mRNA sequencing and pseudotemporal 
reconstruction to study male germ cells in mice. We found that one of the earliest steps 
in differentiation is regulated by a reverse logic: the silencing of “undifferentiated genes” 
seems to be a larger change than the activation of “differentiation genes”.  Next, we looked 
at later steps of germ cell differentiation and found that genes on sex chromosomes (the 
X and Y chromosome) are silenced in a sequential order, right before a massive activation 
of sperm specific (“differentiated”) genes.

In Chapter 4 we created a gene expression atlas of C elegans from its head to its 
tail, and we compared organ specific gene expression across sexes. C elegans have two 
sexes: male and hermaphrodite. Both sexes are producing sperm capable of fertilization, 
but if both are present, male sperm has an advantage over hermaphrodite sperm. We 
described and validated several male specific genes in the germline, which could help 
understanding this competition and advantage.

In Chapter 5, I discuss of the work presented in this thesis.
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Samenvatting

Cellen zijn de bouwstenen van het leven
Cellen zijn de kleinste levende componenten die onafhankelijk kunnen delen. 

Cellen vormen weefsels, die op hun beurt weer de bouwstenen zijn van organen, waarbij 
elk orgaan verantwoordelijk is voor een specifieke functie binnen het lichaam. Het 
menselijk lichaam bevat naar schatting 3.72 × 1013 (of 37200000000000) cellen, waaronder 
honderden verschillende celtypes. Elke cel bevat dezelfde DNA-sequentie, maar leest 
hier maar een gedeelte van uit. Dit onderscheidt de celtypes van elkaar en zorgt ervoor 
dat verschillende celtypes gespecialiseerd zijn om verschillende functies uit te voeren. 
Het DNA is een zeer lang molecuul en bevat alle informatie om een volledig functioneel 
lichaam op te bouwen. Deze informatie is gecodeerd in een vierletterig alfabet: A, T, G, en 
C. Genen zijn de functionele onderdelen van DNA. Elk gen is verantwoordelijk voor een of 
meerdere moleculaire functies, zoals bijvoorbeeld de opname van suikers in een cel, of 
het vasthechten van verschillende cellen aan elkaar. Wanneer een gen wordt afgelezen, 
wordt dat stukje DNA eerst getranscribeerd (gekopieerd) naar een mRNA (messenger 
RNA), en dit wordt vervolgens getransleerd naar een eiwit. Hoe meer kopieën van een 
mRNA te vinden zijn in een cel, hoe meer een cel bezig is met die specifieke functie op 
dat moment. Om een volledig beeld te hebben van welke processen in een cel actief zijn, 
kan er gekeken worden naar welke genen getranscribeerd worden. In andere woorden, 
als alle mRNA kopieën die geproduceerd worden door een cel uitgelezen kunnen worden, 
kunnen we beginnen te begrijpen wat voor processen echt plaatsvinden in deze cel.

Het complete plaatje
Maar hoe kunnen we dit meten? RNA sequencing is een technologie die dit 

mogelijk maakt. Sequencing is het uitlezen van de letters van RNA (of DNA). In een RNA 
sequencing experiment bouw je de sequentie van het stukje RNA op aan de hand van 
de letters die worden uitgelezen. Als er genoeg letters uitgelezen kunnen worden van 
een stukje RNA, zorgt dit voor een unieke volgorde die specifiek is voor het gen waar het 
RNA van gekopieerd is. Als dit gedaan wordt voor alle stukjes mRNA in de cellen kan de 
genexpressie per gen bepaald worden, door te tellen hoeveel kopieën er gemaakt zijn van 
elk gen. Elke cel bevat ongeveer 100 femtogram mRNA (dit is 0.0000000000001 gram), 
wat betekent dat alleen zeer sensitieve methodes deze hoeveelheden kunnen detecteren. 
Dankzij het werk van vele onderzoeksgroepen, waaronder die van ons, kunnen we nu RNA 
sequencing toepassen op individuele cellen.
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Van een afbeelding naar een film
De cellen in ons lichaam zijn continu aan het delen (vermeerderen) en sterven 

vervolgens af. Pas ontstane cellen zijn nog niet gespecialiseerd, en moeten eerst 
differentiëren om vervolgens een specifieke functie te kunnen vervullen. Omdat het proces 
van differentiëren vaak gebeurt op onbekende plekken in het lichaam, is het nog niet 
bekend hoe dit proces precies plaatsvindt en hoe dit wordt gereguleerd. Alhoewel mRNA 
sequencing een gedetailleerd overzicht geeft van de processen die plaatsvinden in een 
cel, geeft dit slechts informatie van een cel op een specifiek tijdstip. Het is echter mogelijk 
om computeralgoritmes te gebruiken om deze ‘afbeeldingen’ (mRNA count tabellen) te 
ordenen, en zo een beeld te krijgen van cellulaire processen binnen een cel over tijd. 
Op deze manier kan gekeken worden naar het proces van differentiatie, waarbij vele 
veranderingen in genexpressie geleidelijk plaatsvinden. Het vinden van deze geleidelijke 
veranderingen die plaatsvinden binnen alle cellen maakt het mogelijk om te bepalen hoe 
ver elke cel is in het proces van differentiatie. Deze methode wordt pseudotemporale 
reconstructie genoemd en dit wordt gebruikt in de eerste twee hoofdstukken van dit 
proefschrift. Deze techniek heeft het bijvoorbeeld mogelijk gemaakt om te beschrijven 
hoe mannelijke kiemcellen omschakelen naar een andere celcyclus tijdens differentiatie.

Atlassen van genexpressie
Voor het toepassen van mRNA sequencing op individuele cellen is het noodzakelijk 

om een orgaan te dissociëren in enkele cellen, waarna het niet meer mogelijk is om te 
herleiden wat de fysieke locatie van elke cel was. Deze informatie is juist van belang om te 
ontdekken of bijvoorbeeld alle gedeeltes van het orgaan hetzelfde zijn opgebouwd, of juist 
zijn onderverdeeld in verschillende gebieden waar verschillende processen plaatsvinden. 
Om deze vragen te beantwoorden, kan een (gedeelte van) een orgaan of zelfs een geheel 
organisme in plakjes gesneden worden, waarbij elk plakje apart wordt verwerkt. Zo wordt 
de spatiele informatie behouden. Deze techniek wordt RNA-tomografie genoemd, en dit 
is gebruikt in het derde hoofdstuk van het proefschrift. In dit hoofdstuk is met behulp van 
deze RNA-tomografie techniek een genexpressieatlas gecreëerd van C. elegans, een van 
de eenvoudigste modelorganismen die wordt gebruikt voor laboratoriumonderzoek.

De kiembaan verbindt alle generaties vanaf het begin van 
het leven

De kiembaan bestaat uit alle cellen die bijdragen aan de voortplanting, zoals 
eicellen en spermacellen, welke verantwoordelijk zijn voor het leven van de volgende 
generatie. Ondanks dat we alle andere cellen die in ons lichaam zitten ook nodig hebben 
om te overleven, dragen al die andere cellen niet bij aan het overdragen van informatie 
aan de volgende generatie.
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De cellen van de kiembaan dragen in tegenstelling tot alle andere cellen in ons 
lichaam wel bij aan het overdragen van informatie aan de volgende generatie. Omdat 
deze kiembaancellen een belangrijke rol spelen bij de bevruchting, is het beter begrijpen 
van het functioneren van deze cellen essentieel voor onderzoek naar vruchtbaarheid. In 
de laatste decennia is de vruchtbaarheid van mensen die in het Westen leven gestaag 
afgenomen. Als de vruchtbaarheid in dit tempo blijft afnemen, zou dit binnenkort een 
groot probleem kunnen worden voor de mensheid. Onderzoek naar de kiembaan is 
daarom een klinisch relevant onderzoeksonderwerp.

Hoofstukken van het proefschrift
In ons onderzoek naar de differentiatie van kiemcellen hebben we twee recent 

ontwikkelde technieken toegepast op de kiembaan van verschillende modelorganismen: 
enkele-cel RNA sequencing en RNA-tomografie. Deze studie is de eerste studie waarmee 
met zo’n hoge resolutie naar de kiembaan gekeken kon worden. Tijdens deze studie 
hebben we de functie van een aantal voorheen onbekende genen ontdekt. Daarnaast 
hebben we gedurende deze studie de lokalisatie en dynamiek van genexpressie in de 
kiembaan in detail in kaart gebracht.

In hoofdstuk 1 introduceer ik de biologie en de technieken die voor de hierop 
volgende hoofdstukken van belang zijn. Ik leg kort het verschil tussen de kiembaan en de 
soma uit. Ook worden de basis van de seksuele voortplanting en de verschillen tussen de 
mannelijke en de vrouwelijke kiembaan beschreven. Vervolgens introduceer ik meiose, een 
vorm van celdeling die nauw verbonden is met de rijping van geslachtscellen. Vervolgens 
behandel ik de speciale rol van geslachtschromosomen tijdens kiemceldifferentiatie. 
Ten slotte introduceer ik de experimentele en computationele middelen die in dit werk 
worden gebruikt.

In hoofdstuk 2 hebben we de humane vrouwelijke kiembaan tijdens de foetale 
ontwikkeling bestudeerd met behulp van de enkele-cel RNA sequencing techniek. Alle 
mensen hebben twee kopieën van het menselijk genoom in elke cel. De ene kopie is van 
de moeder geërfd, terwijl de andere kopie van de vader afkomstig is; deze kopieën worden 
“allelen” genoemd. Van veel genen wordt slechts één van deze twee allelen gebruikt door 
de cel, maar deze verschillen zijn niet meer aanwezig in de volgroeide geslachtscellen. 
Wanneer slechts een van de twee allelen gebruikt wordt, noemt men dit allel-specifieke 
genexpressie. In vrouwen zijn er twee grote groepen van dergelijke genen: ingeprinte 
genen en X-chromosomale genen. Wij hebben onverwachte verschillen gevonden in de 
manier waarop deze twee groepen genen hun allel-specifieke genexpressie uitschakelen: 
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ingeprinte genen worden in een strikte volgorde geactiveerd, terwijl de X-chromosomale 
genen zonder gedefinieerde volgorde worden geactiveerd.

In Hoofdstuk 3 hebben we enkele-cel RNA sequencing en pseudotemporale 
reconstructie gebruikt om mannelijke geslachtscellen van muizen te bestuderen. Hierbij 
hebben we ontdekt dat een van de eerste stappen in de differentiatie wordt gereguleerd 
door een omgekeerde logica: de inactivatie van “ongedifferentieerde genen” blijkt een 
grotere verandering te zijn dan de activatie van “differentiatiegenen”. Vervolgens hebben 
we ook de latere stadia van geslachtsceldifferentiatie bekeken, waarbij we hebben 
gevonden dat genen die op de geslachtschromosomen (het X- en Y- chromosoom) liggen 
in volgorde worden geïnactiveerd. Deze inactivatie vindt plaats vlak voordat er een 
massale activatie van sperma-specifieke (“gedifferentieerde”) genen plaatsvindt. 

In Hoofdstuk 4 hebben we een genexpressieatlas van de worm C. Elegans (van 
zijn kop tot zijn staart) gemaakt, waarna we orgaan-specifieke genexpressie hebben 
vergeleken tussen de twee geslachten. C. Elegans heeft twee geslachten: mannelijk en 
hermafrodiet. Beide zijn in staat tot de productie van sperma, echter, wanneer zowel 
mannetjes als hermafrodieten aanwezig zijn hebben mannelijke spermacellen een 
voordeel ten opzichte van hermafrodiet sperma. We hebben hier verschillende genen 
beschreven en gevalideerd die specifiek zijn voor de mannelijke kiembaancellen. Deze 
nieuwe kennis zou ons in de toekomst kunnen helpen om te begrijpen hoe de competitie 
werkt en waarom mannelijke spermacellen een voordeel hebben ten opzichte van de 
spermacellen van hermafrodiete wormen.

In Hoofdstuk 5 wordt al het werk wat in deze thesis beschreven wordt 
bediscussieerd.
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