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Chapter 1

General Introduction
Genotype-phenotype connections in human 
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The genetic makeup of a human determines many observable traits, but 
can also underlie the susceptibility to a myriad of diseases. The eukary-
otic genetic model system yeast has been instrumental to understanding 
genetic networks related to cell physiology. Rising experimental genetic 
technologies have enabled the application of loss-of-function approaches 
in human cells to chart the contribution of genetic elements to disease-
linked processes in a similar fashion. In some situations, a genetic muta-
tion causes a predictable effect, or phenotype, by itself, but oftentimes 
it remains difficult to predict what the consequences of mutations will 
be. In this chapter, this genotype-phenotype conundrum affecting rare 
and common human disease phenotypes will be discussed and mirrored 
to lessons learned from experimental observations in yeast and cultured 
human cells.
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 1Deviant heritable characteristics, or phenotypes, have been used to study the 
principles of genetics starting with the visual appearance of pea plants and seeds 
by Gregor Mendel1. At the beginning of the 20th century, Thomas Hunt Morgan 
and colleagues studied the role of chromosomes in heredity by crossing fruit 
flies and searching for progeny with heritable phenotypes, such as unusual eye 
colors or altered wing size2,3. These observations were instrumental to demon-
strate that genes, sequentially organized on chromosomes, underlie heredity and 
that mutations in these genes can influence phenotypes4. The study of human 
genetics similarly revolves around identifying genetic changes underlying deviant 
phenotypes, in particular human diseases. Over a century ago, it was recognized 
that the disease alkaptonuria, caused by an enzyme deficiency5, segregated in 
families according to Mendelian postulates and was therefore of genetic origin6. 
Similar observations were later made for diseases such as phenylketonuria (PKU) 
and sickle cell anemia, for which the defective proteins could be characterized7,8. 
However, it was the advent of DNA sequencing technology that was instrumental 
to determine gene sequences and assign specific genetic alterations to human dis-
eases. Initially, linkage analysis9 made it possible to trace a disease gene based on 
its proximity to known genetic polymorphisms. Examining co-segregation of the 
phenotype with genomic markers in affected families can implicate genetic regions 
in disease development, as was first demonstrated for Huntington’s disease10. The 
completion of the human genome sequence11–13 marked the starting point for 
systematic examination of genetic variation in humans with high expectations 
of clinical benefits. Although this has revolutionized the field of human genetics, 
its clinical relevance has been debated14–17. Further advances in technology have 
made it possible to sequence individual genomes in a matter of days. Genome 
sequencing studies of large cohorts have demonstrated that, on average, there are 
approximately 5 million variants between individuals, with an estimated 100-
300 loss-of-function mutations in genes18 This includes dozens in a homozygous 
state, resulting in complete inactivation19. Although personalized genomics is now 
entering the clinical domain, the predictability of common traits and diseases 
based on the genotype is still limited20. For type 2 diabetes, numerous genes have 
been implicated with high confidence in disease development, however, genetic 
testing can hardly predict the onset and progression of disease for an individual 
carrier21,22. Even for many rare hereditary diseases, predictability based on genetic 
sequence is imperfect. In fact, analysis of over half a million genomes of individu-
als exposed a remarkable proportion of individuals carrying homozygous disease 
mutations without disease symptoms23. Therefore, both for common as well as 
rare diseases, a major hurdle will be to accurately infer the connection between 
genotype and phenotype24. 
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MonoGenIC pHenoTypeS

The function of individual genes can be of critical importance for the correct 
functioning of a cell, tissue, or the organism. Therefore, mutations altering a gene 
can have detrimental results, directly causing an observable trait. 

Monogenic human diseases
Some human diseases follow a relatively predictable inheritance pattern similar to 
Mendel’s study of plant traits owing to a single dysfunctional gene. Examples of 
such hereditary disorders are cystic fibrosis and Duchenne’s disease. Monogenic 
disorders are relatively rare and can be dominant, where only a single mutant allele 
is sufficient to cause the disease, or recessive in nature, requiring both the paternal 
and maternal copy of the gene to be mutated in order to develop. Considering the 
ample genetic variance among humans18,19, distilling the disease-causing mutation 
from the otherwise non-deleterious polymorphisms is challenging. Although the 
genomic location for the gene associated with Huntington’s disease was uncovered 
by linkage mapping in 198310, it took an additional ten years before the gene could 
be cloned and it was discovered that an increasing number of trinucleotide repeats 
in the HTT gene results in a dysfunctional protein25. Over the last decades, 3,361 
causative genes have been identified for more than 4,950 monogenic disorders26, 
although by estimate this reflects only about half the expected disease-causing vari-
ants27. In many cases these monogenic diseases are molecularly well-characterized, 
where not only are the causative mutations known but it is also mechanistically 
understood how these genes affect the disease phenotype.  

Although monogenic diseases originate from a single aberrant gene, and thereby 
are inherited in a Mendelian fashion, these diseases are frequently complex, and 
disease onset and progression are often difficult to predict28. For instance, they 
may exhibit variable penetrance, where a proportion of individuals carrying 
disease mutations do not necessarily become symptomatic (Fig. 1)29. In addition, 
symptomatic patients carrying the exact same mutation can show a marked differ-
ent disease severity, referred to as variable expressivity29. In Marfan syndrome, for 
instance, patients with identical mutations in FBN1 can present with symptoms 
ranging from morphological malformations to severe multi-organ complications30. 
An additional layer of complexity in understanding monogenic phenotypes 
emanates from genetic heterogeneity, where the disruption of multiple genes may 
give similar clinical manifestations. Niemann-Pick disease type C, for example, 
can be caused by mutations in both NPC1 as NPC2 leading to accumulation 
of cholesterol in the lysosome, often resulting in severe neurological symptoms 
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and premature death31. Conversely, a single gene may affect multiple phenotypes, 
termed pleiotropy. Mendelian disease genes are frequently pleiotropic and because 
multiple tissues may be affected by aberrant gene function, patients commonly 
present with a collection of diverse symptoms. For example, cystic fibrosis patients 
carrying mutations in CFTR can develop, respiratory, gastrointestinal, growth and 
fertility abnormalities, among others. Distinct mutations in a pleiotropic gene 
may even lead to different phenotypic outcomes32. For example, mutations in 
LMNA, a gene encoding an important constituent of the nuclear lamina, can 
result in at least 10 phenotypically distinct diseases33. While mutations at different 
positions in the gene can result in a different aberrant gene product, there are also 
examples of patients harboring identical mutations, but presenting with different 
disease-phenotypes. For example, a single point mutation in FGFR2 has been 
linked to Crouzon, as well as Pfeiffer syndrome34, resulting in different types of 
cranial malformations. 

Genome-wide surveys demonstrated that many Mendelian disease alleles are under 
negative selection in the human population35–37, but approximately three quarters 
of the negatively-selected genes do not have a phenotype assigned38. While these 

Gene A

Gene B

Gene C

Gene A

or

or

Heterogeneity

Pleiotropy

Gene AExpressivity

Gene APenetrance

healthy diseasedmutation

Figure 1

Figure 1. Factors complicating unambiguous genotype-phenotype connections for Mendelian 
diseases. Penetrance is defined as the proportion of carriers that manifest the disease phenotype. Ex-
pressivity refers to the degree of variability of the disease phenotype among carriers. Pleiotropic genes 
regulate multiple traits and mutations can thereby have varying phenotypic outcomes. Conversely, 
genetic heterogeneity refers to disease phenotypes which can be caused by defects in multiple genes.
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could reflect additional sought-after disease genes39, mutations in genes required 
for viability would also undergo negative selection in the population40. Besides 
sequencing more affected patients, experimental studies in model organisms could 
also nominate candidate genes to be examined in order to increase the number of 
genes linked to monogenic phenotypes. 

Monogenic phenotypes in Yeast
Just like on the organismal level in humans, mutations in single genes can produce 
strong phenotypes in a model organism. Hence, monogenic phenotypes have been 
extensively studied in a controlled setting where mutations can be introduced at 
will and directly linked to a phenotype. An organism that has been of paramount 
importance in understanding genetic processes is S. cerevisiae, or budding yeast. 
Yeast was the first eukaryote for which the genome was sequenced41 and even 
though it contains approximately 6000 genes (over 3 times fewer than humans), 
a considerable number of yeast genes have orthologs conserved in humans42. Its 
status as an archetypical genetic model organism derives from the versatility with 
which mutations can be induced and studied. Yeast can be cultured as diploid or 
haploid organism (carrying two sets of every gene or only a single allele per gene), 
is amendable to genetic crosses, and the high rates of homologous recombination 
can be used to target mutations to any specific locus43. This has facilitated the 
generation of loss-of-function alleles for every open reading frame (ORF) in the 
genome44. Arguably the most straightforward monogenic phenotype to monitor 
for a single-cell organism is the growth of mutant strains under standard culture 
conditions. Using genome-wide knockout collections, approximately 1100 out of 
6000 genes (20%) were demonstrated to be refractory to mutation and therefore 
to be required for viability45,46. These essential genes function in crucial cellular 
processes, such as protein translation, RNA splicing, and DNA replication45. 
However, gene essentiality, much like human disease expressivity, represents a 
continuum rather than a discrete distinction between life and death. Whereas 
20% of the mutants were non-viable, an additional 15% of genes were required for 
optimal fitness of the single-celled organism, where the loss-of-function confers 
a growth defect compared to the wild-type strain but is not lethal46. Remarkably, 
these findings imply that the majority of genes can be mutated under standard 
culture conditions, and suggest that yeast cells have robust mechanisms to buffer 
against adverse mutations47. The presence of additional copies of related genes is 
an efficient way to protect cells against loss of an important gene. Indeed, genes 
arising from duplications are underrepresented for essentiality46, but the major-
ity of nonessential genes do not have annotated paralogs48 suggesting alternative 
mechanisms of functional redundancy.
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 1Monogenic phenotypes in human cells
Beyond disease-linked mutations in the human population, the function of indi-
vidual human genes can be studied in a laboratory setting using human cells. The 
diploid genome and inability to set up genetic crosses have long precluded the use 
of mutagenesis approaches to characterize the phenotypic effects of gene loss. The 
introduction of RNA interference in human cells facilitated the first genome-wide 
loss-of-function studies49,50. However, because RNA interference does not create 
complete knockouts and also triggers off-target effects, it has been challenging to 
link genes to phenotypes at large scale51. Recent developments have made it pos-
sible to study the human genome using knockout alleles. First, the identification 
of human near-haploid52 or completely haploid cells53,54 carrying only a single 
allele for its genes, enabled the generation of knockout alleles for most human 
genes55–57. Second, the Cas9 DNA endonuclease from bacteria such as S. pyogenes 
can be programmed to target specific sequences in the human genome resulting 
in mutations58–61. Both technologies have been applied to study a variety of phe-
notypes including cell fitness62–64. These studies revealed that human cells require 
approximately 2000 genes for optimal fitness, although the exact required set can 
vary per cell line. Although the majority of genes are not essential for the fitness 
of human cells under standard culture conditions, the number essential genes in 
human cells is higher than in yeast, indicating an evolutionarily favored increase 
in complexity over redundancy. 

In addition to their critical role in cellular homeostasis, human essential genes share 
important features with Mendelian disease genes. They tend be more conserved, 
ubiquitously expressed, more frequently engaged in protein-protein interactions, 
and variants are negatively selected in the human population65,66. In addition to 
these studies in cultured cells, the systematic generation of knockout mice67,68 
revealed that approximately 30% of genes69,70 are essential at the organismal level 
(with essentiality defined as embryonic lethality or death before weaning) with an 
additional 13% of mutants classified as subviable. Comparisons between human 
orthologs of mouse essential genes showed that essential genes are more likely to 
be disease genes71–73, especially when mutations in these genes result in postnatal 
lethality rather than embryonic lethality71. 

Studies in yeast and human cells indicate that the majority of genes are not 
required for fitness under normal circumstances and demonstrate remarkable 
buffering capability, inherent to the genetic architecture of cells. Data from single 
celled organisms and cell lines do not capture the complexity of a whole organism 
composed of multiple tissues and developing over time. However, considering 
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that ~15-35% of knockout mice do not show a readily discernable phenotype68,74, 
and that healthy human individuals carry dozens of inactivated genes18, a degree 
of buffering appears to operate similarly at the organismal level. 

Gene envIronMenT InTeraCTIonS

The function of genes is not static, but can depend on the environmental context. 
For example, an enzyme might require a co-factor or a cellular process could 
be hijacked by pathogens. In this way, environmental factors can modify gene 
requirements for an organism. 

Gene-environment interactions in human disease
While twin studies have emphasized a significant genetic contribution to com-
mon disorders, the etiology of many diseases cannot be well separated as strictly 
environmental or genetic. Instead, the onset and progression of diseases can result 
from a complex interplay between gene function and the environment. This can 
be illustrated by the therapeutic dietary management of PKU75. Even for diseases 
originating solely from the environment, such as infectious diseases requiring prior 
contact with a pathogen, twin studies show a heritable component76. Although 
the exposure to a pathogen might be environmental, an individual’s genotype can 
increase or decrease the susceptibility to the external factor. Resistance to malaria, 
for example, is observed in carriers of the Mendelian disease allele causing Sickle-
cell anemia77. While the disease phenotype is severe and such variants are under 
general negative selection, adaptive evolution favors the protective effect against 
the pathogen in malaria-stricken areas. For numerous additional infectious dis-
eases, such as HIV-1, Hepatitis C virus, and leprosy78–80, innocuous variants have 
been identified in the human population that can modify susceptibility Similarly, 
variants can also increase susceptibility to environmental conditions leading to 
a worse outcome. For example, mutations in genes encoding drug metabolizing 
enzymes can result in serious adverse effects81 requiring the discontinuation of 
treatment, as can be the case for patients carrying mutations in the gene respon-
sible for metabolizing the chemotherapeutic agent 5-fluorouracil82.   

A challenge to dissect the influence of the environment on human disease is 
the difficulty to control and change the environment. In particular for complex 
diseases such as diabetes, cardiovascular diseases and psychological disorders com-
mon environmental risk factors (e.g. diet, exercise, and psychological stressors) 
are difficult to accurately mimic in a laboratory setting. However, a considerable 
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 1number of clinically relevant phenotypes can be readily examined in model sys-
tems, like sensitivity to drugs, pathogens, or radiation.

Gene-environment interactions in yeast
Although, as mentioned above, 80% of the coding genes are nonessential for yeast 
viability under basal growth conditions, the adaptive response to environmental 
conditions can influence gene requirement. For example, although S. cerevisiae is 
cultured using glucose as a carbon-source, survival on galactose medium requires 
enzymes that are otherwise dispensable46,83. By exposing a deletion mutant collec-
tion of yeast strains to over 400 different culture conditions, including exposure to 
clinically available drugs, an impressive 97% of yeast genes affect fitness under at 
least one specific condition84. Similarly, as observed for genetic interaction hubs, 
mutations in pleiotropic genes affect fitness under multiple conditions, while 
the effect of other mutants might be measurable for only specific stimuli84,85. 
This implicates that the majority of nonessential genes in yeast buffers against 
environmental changes47,86. Considering that nearly every yeast gene can give rise 
to a phenotype under specific environmental conditions, this could likewise add 
significant complexity to the genetics of human disease.  

Gene-environment interactions in human cells
In human cells, mutagenesis studies can also be applied to study susceptibility 
to environmental changes. Mutations that confer resistance to an environmental 
stress can be selected from a large population of mutagenized cells and studied in 
detail. Following this experimental paradigm the cholesterol sensing pathway has 
been unraveled using Chinese hamster ovary (CHO) cells87,88. A similar approach 
using haploid cells can also effectively be applied to identify drug resistance 
mechanisms55,89–97 (e.g. for imatinib, cisplatin, doxorubicin) or to elucidate host-
pathogen interactions. Pathogens frequently exploit host factors in order to infect 
cells, and a number of these have recently been exposed, such as human genes 
required for trafficking of bacterial toxins55,57,98–100, an enzyme needed for genome 
release of numerous picornaviruses101, as well as factors used by hemorrhagic 
fever viruses to escape from the endolysosomal compartment53,102. These studies 
also identified a number of mutations in known Mendelian disease genes that 
led to resistance against certain pathogens53,103. In addition, genetics in human 
cells can be used to identify mutations that enhance sensitivity to stress, drugs, 
or pathogens. Such studies have often been carried out using RNA interference 
or CRISPR tools to perturb gene function104–107, but it remains a challenge to 
enumerate the complexity of gene-environment interactions, as has been done in 
yeast, due to the absence of a standardized experimental setup.
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GeneTIC InTeraCTIonS

Although individual genes can be critically important for the correct functioning 
of a cell, tissue, or organism, genes do not act in isolation, but function together 
in networks that operate in the cell or organism. Consequently, the function of 
certain genes might only be critical in the presence or absence of another gene. 

Although chimpanzees and humans are genetically very similar, analysis of 
the primate’s genome revealed a number of mutations known to cause disease 
in humans which are in fact the common variant in healthy primates108. Thus, 
at least in certain cases, there is no disease-causing mutation per se without the 
proper context. In addition to environmental factors, the genetic background 
can similarly modify disease progression. For example, crossing mutations of 
specific genes into different mouse strains can considerably alter the observed 
phenotype109. Furthermore, as illustrated in yeast, there is differential dependence 
on dozens of genes, even between two strains of the identical species110. There are a 
number of ways in which genes can modify the effect of other genes (Fig. 2). First, 
negative genetic interactions occur when simultaneous disruption of two genes 
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Figure 2. Types of genetic interactions impinging on fitness. If no genetic interaction is present 
between gene A and B, the fitness of the double mutant cells should only match the additive effect of 
combining the individual mutant fitness defects. For negative genetic interactions, the fitness defect of 
the double mutant is aggravated beyond what is expected from the single mutants. The strongest type 
of negative genetic interaction is synthetic lethality, where combined gene ablation is not compatible 
with viability. Conversely, for positive genetic interactions the fitness defect observed in the double 
mutant is less than expected. For example, if both single mutants are partially fitness impaired, but the 
double mutant exhibits similar fitness defects as the single mutants, the second mutation is masked. 
Suppressor mutations are strong positive genetic interactions that can to an extent restore the fitness 
defect observed in a single mutant. Although depicted for fitness, genetic interactions can similarly 
influence phenotypes beyond viability.
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 1results in a markedly worsened phenotypic outcome compared to the individual 
mutants. This can occur, for example, when both gene products have a redundant 
role in a protein complex or function in parallel processes. A situation where the 
combination of genetic mutations in two genes is incompatible with viability 
is referred to ‘synthetic lethality’. Conversely, positive genetic interactions occur 
when the phenotypic outcome of a combination of mutations is less deleterious 
than expected. A strong positive genetic interaction can occur when an additional 
gene defect restores the effect of another mutation, and is referred to as a suppres-
sor mutation.    

Genetic interactions in human disease
For a number of disorders, mutations have been observed in cis, where an ad-
ditional base substitution in the same gene restores or ameliorates the defect, 
such as is observed in revertant mosaicism in hereditary skin patients111. In some 
cases, this can be seen as a genetic interaction112; the phenotype of one mutation 
depends on the presence of the second. Although clinically relevant, we focus 
here on genetic interactions between genes, as similarly in trans alleles have been 
described to influence the progression of Mendelian diseases. For example, cys-
tic fibrosis originates from mutations in the gene encoding CFTR, resulting in 
hyperviscous mucus which can cause problems in multiple tissues, but certain 
variants in MBL2 specifically increase the severity of the disease in the airway113. 
Similarly, variants in ADIPOR2 have been linked to the development of meconium 
ileus, which is frequently observed in newborns with cystic fibrosis114. Although 
genetic interactions can modify human diseases, they are challenging to find due 
to the small population of affected patients. Among Mendelian diseases, cystic 
fibrosis occurs relatively frequently, and importantly many patients carry the same 
ΔF508 mutation in the CFTR gene, making it possible to compare the patients 
with varying disease manifestation to search for genetic modifiers. Remarkably, 
sequencing large cohorts of healthy individuals revealed people carrying disease 
genotypes without any clinical manifestation, even for diseases with previously 
reported complete penetrance23. A potential explanation for these findings would 
be the existence of uncharacterized genetic suppression mechanisms. Despite the 
technical challenges to identify such genetic suppressors they could provide valu-
able therapeutic targets.  

Animal models provide additional evidence for the clinical relevance of genetic 
interactions. For example, Duchenne’s disease in humans is caused by muta-
tions in dystrophin, leading to muscular dystrophy. Dogs carrying mutations in 
dystrohpin show comparable disease severity, however, mutations in Jagged1, a 
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gene involved in notch signaling, fully suppress the disease phenotype, restoring 
normal life expectancy in the absence of a functional dystrophin complex115. In 
addition to modifying disease manifestation, genetic interactions can also underlie 
disease. In mice, for example, loss-of-function mutations in either Pdgfra or Pax1 
are relatively well-tolerated, while simultaneous mutations lead to severe forms of 
spina bifida116.

In addition to congenital disorders, much emphasis has been placed on identifying 
clinically-relevant genetic interactions in cancer, which by and large arises from 
somatic mutations acquired throughout life. Considering that cancer cells often 
display loss of tumor suppressor genes, this genetic context could provide thera-
peutic opportunities117,118. For example, tumors in patients carrying mutations in 
the BRCA tumor suppressor genes are hypersensitive to PARP inhibition119. Al-
though the BRCA-PARP synthetic lethal interaction is currently the only clinical 
success from exploiting synthetic lethality to target a tumor suppressor gene120, it 
will be of interest to identify additional genetic interactions that can be exploited 
for cancer therapy.   

Although the aforementioned examples illustrate that in some cases genetic 
interactions can modify diseases, the contribution of genetic interactions to gene-
associated phenotypes cannot be uncovered solely through clinical observations. 
To bolster this, experimental genetic approaches may provide a much-needed 
window in the role of genetic modifiers on disease phenotypes.  

Genetic interactions in yeast
In yeast, genetic interactions have been exhaustively mapped by examining the 
effects of every combination of double deletion mutants on fitness121–125. Analysis 
of 23 million mutant pairs revealed that nearly all genes engage in genetic in-
teractions125. Of the almost 1 million mapped genetic interactions, the majority 
(550.000) were negative genetic interactions for which the double deletion mu-
tant shows marked fitness reduction compared to the single mutant. This includes 
10,000 synthetic lethal interactions, where the combined deletion of nonessential 
genes is lethal. The latter indicates that the function of most non-essential genes is 
buffered by the function of others, and implicates more than 3000 genes as essen-
tial in specific genetic backgrounds125. Generally, genetic interactions are highly 
compartmentalized where functionally-related genes show a strong overlap in their 
genetic interaction profiles125. Although the majority of negative genetic interac-
tions are constrained within the same biological pathway, highly pleiotropic genes 
share genetic interactions across multiple pathways. Such ‘hub’ genes, frequently 
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 1epigenetic modifiers124, are often involved in multiple pathways and are five-fold 
more likely to be essential genes. In addition, positive genetic interactions occur 
frequently, where the double mutant has a milder phenotype than expected from 
the individual mutants125. Whereas mutations in a few general pathways such 
as protein and mRNA turnover alleviated the fitness defect of numerous single 
mutants, spontaneous functional suppressor mutations have also been identified 
that restore fitness through a specific mechanism126. Thus, even when only a single 
phenotype is examined (fitness under standard culture conditions) the role of 
genetic interactions is profound.  

Genetic interactions in human cells
The high number of genetic interactions that can be experimentally identified in 
yeast suggests that many disease phenotypes may be affected by other genes as 
well. However, despite the large number of orthologous genes between budding 
yeast and fission yeast, specific genetic interactions appear to be only margin-
ally conserved across species127–129. Similarly, genetic interactions observed in S. 
cerevisiae can rarely be identified between C. elegans orthologs130,131, indicating 
the additional value of examining genetic interactions in human cells. Now that 
mutations can be easily introduced in human cells and can be tested for their ef-
fect on cell fitness, it similarly becomes feasible to study the genetic interactions in 
a human setting. Using engineered HAP1 isogenic cell lines deficient for genes in 
the secretory pathway in combination with insertional mutagenesis affirmed that 
human genes also undergo frequent genetic interactions64. Although humans have 
acquired more genes and complexity throughout evolution, the number of genetic 
interactions and strong compartmentalization to the query phenotype are similar 
to observations made in yeast64,132. Despite marginal interspecies conservation, the 
principles observed in single-celled model organisms persist through evolution 
and human genes are equally buffered against the loss of single genes. 

Studies in yeast and human cells suggest the existence of a high number of genetic 
interactions, indicating that more phenotypes may be explained by the interac-
tion of multiple variants in combination. Besides modifying Mendelian diseases, 
genetic interactions could contribute to more common diseases whose heritability 
is not explainable by single variants133. Through the use of Genome-wide associa-
tion (GWA) studies, thousands of genetic variants have been linked to a diversity 
of common diseases134,135. However, for many diseases the associated risk variants 
together do not capture the full heritability, but instead explain only 20-50%15,136. 
While the source of this ‘missing heritability’ is under debate137–139, one explana-
tion could be the presence of genetic interactions136,140. 
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Whereas the aforementioned examples concern the interaction between two genes, 
trigenic or quadragenic interactions may similarly exist. In fact, trigenic interac-
tions have been explored on a limited scale and shown to influence phenotypes in 
yeast122. Such higher order genetic interactions lead to vast numbers of potential 
interactions that could be relevant for clinical genetics and will present a major 
hurdle to systematically characterize141. 

QuanTITaTIve pHenoTypeS

Many genes may contribute to a phenotype, although not every gene might do 
so to the same extent. For instance, a mutation in a gene encoding a rate-limiting 
enzyme required for a biological process could have a strong phenotypic conse-
quence, while a deficient enzymatic cofactor or chaperone might only impact the 
efficiency of the reaction to a lesser extent. 

Common diseases in humans are quantitative traits
Although in rare cases a single gene disruption can cause a strong disease pheno-
type, the heritability of most complex diseases may originate largely from modest 
additive contributions of multiple variants142(Figure 3). A century ago it was 
already proposed that for a trait determined by multiple genes, if each is inherited 
in a Mendelian fashion, the result will be normally distributed in the popula-
tion143,144 and can result in a quantitative rather than a qualitative trait. This is 
indeed observed for many human traits with a strong heritable component, such 
as body weight or blood pressure, for which we consider the extremes as common 
diseases145. Considering that not every gene might influence a trait to the same ex-
tent the phenotypic outcome is further complicated, while the sensitivity required 
for studying the quantitative contribution of human variants to diseases is chal-
lenging to obtain. Attempts to associate genes with diseases have often compared 
‘healthy’ controls to ‘sick’ cases, however, an alternative is considering diseases 
as quantitative traits or a collection thereof144. For example, novel predisposing 
SNPs have been discovered for type 2 diabetes by studying variant association 
with glucose or lipid levels as disease measurements146–149. However, although 
GWAS studies have been successfully applied to link many polymorphisms to 
common disease, association does not always provide insight into the functional 
contribution of implicated loci150. In fact, variants are regularly identified outside 
protein-coding regions151, further complicating the interpretation of genotype to 
phenotype connections. 
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Characterizing quantitative traits in yeast
First pioneered in yeast to address phenotypic variance, gene expression itself 
can be viewed as a quantitative trait152, and combining linkage mapping with 
gene expression analysis can reveal how genetic variants influence gene expres-
sion153. This demonstrated that expression quantitative trait loci (eQTL) can be 
cis variants that affect a gene locally (e.g. mutations in promoter regions), or trans 
variants that affect distant genes (e.g. in enhancers). Applying this in a human set-
ting154 shows that many common disease-associated SNPs are actually eQTLs155. 
Although gene expression is not a quantitative trait relevant for clinical diagnosis, 
the combination of GWAS and eQTL has been applied to successfully zoom in on 
differential human disease SNPs that affect the expression of a single gene156, for 
example identifying a role for ORMDL3 in asthma157. 

Because gene expression serves as a proxy for levels of the gene product, direct mea-
surement of protein abundance in single cells has been applied to identify variants 
that positively or negatively affect the quantitative trait. Yeast strains expressing 
GFP-tagged proteins can be subjected to cytometric separation of high and low 
expressing cells, to identify loci that affect the quantitative phenotype153,158. This 
provides a sensitive window, compared to transcription or proteomics based QTL 
mapping, to detect loci with small effect sizes. Studying a number of quantitative 
traits in yeast shows that additive effects of QTL together explain much of the ob-
served heredity, with contributions of genetic interactions varying per examined 
trait159. While these estimates could deviate from the human situation due to, 
among other factors, increased complexity, the incongruence with the observed 

observable
disease
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Gene B
Gene A

3

2

1

Figure 3
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Figure 3. Quantitative traits. Many common diseases are quantitative in nature rather than binary, 
and clinical thresholds are set to define the disease state. These are often thought to originate from 
the additive effect of multiple variants with small effect sizes individually that, together with genetic 
interactions, gene-environment interactions, incidental variants, and epigenetic factors, increase the 
risk of disease development. 
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missing heritability from GWA studies could indicate that these might not be 
capturing sufficient variants affecting a phenotype of interest150. 

Characterizing quantitative traits in human cells
In addition to yeast, human cells lines have been used to examine the influence 
of genetic variation on quantitative molecular readouts. B-cells can be derived 
from different individuals and, following immortalization, cultured under com-
parable conditions prior to measuring the quantitative trait for each cell line160. 
Gene expression and protein abundance as readouts show considerable variation 
between individuals and, importantly, that the abundance of gene products is 
heritable161,162. However, these studies are still observational in nature and limited 
by the total natural variation present in the selected number of cell lines.

Advances in genetic loss-of-function approaches allow the study of phenotypes 
originating from gene loss beyond viability. For example, the transcriptional 
consequences of CRISPR-mediated gene disruption have been examined by sub-
jecting cells expressing sgRNAs to single-cell RNA sequencing163,164 In addition 
to examining transcriptional changes, it is possible to directly link mutations in 
genes to protein fates165–167. Single-cell protein measurements in a complex dele-
tion mutant library followed by mutation mapping, yield detailed overviews of 
genes that positively or negatively affect the query trait167. The phenotypic trait 
can include the abundance of any measurable protein or its modification. Query 
phenotypes covering diverse biological processes, such as epigenetic regulation, 
immunity, or signal transduction, each show a large number of loci, often hun-
dreds, contributing to a varying degree. While some genes seemingly affect only a 
single phenotype, numerous genes are pleiotropic, and are identified as common 
regulators for multiple traits. In addition to identifying regulators, trait measure-
ments in a genetic background can be used to reveal genetic interactions affecting 
the phenotype of interest, including aggravating and even suppressor mutations 
that restore the phenotype. Expanding the number of profiled phenotypic traits in 
a single cell line may enable the generation of a phenotypic map of the cell, where 
the contribution of genes to various cellular phenotypes is charted.    

Studies in yeast and human cells show a remarkable number of loci that can to an 
extent influence a cellular phenotype, either by additive effects or genetic interac-
tions. Because this is likely an underestimation of the complexity functioning on 
the organismal level, it remains a challenge to understand implications of disease 
mutations in the context of their genetic modifiers. 
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 1THeSIS ouTlIne

In this thesis three approaches (summarized in Chapter 2) are presented that can 
be applied to study the genetic architecture behind disease-related phenotypes in 
human cells. In Chapter 3, a methodology is presented to study gene-environment 
interactions focusing on genes exploited by bacterial toxins and genetic mecha-
nisms for drug resistance. The same method is applied in Chapter 4 to identify 
host factors for a hemorrhagic fever virus. Monogenic phenotypes are examined 
in Chapter 5, focusing on gene essentiality in human cells, in addition to study-
ing synthetic lethal interactions that can complicate simple genotype-phenotype 
connections. In Chapter 6, an approach to decipher the genetic contributions to 
quantitative phenotypes is presented followed by a discussion (Chapter 7).



Chapter 1

26

referenCeS

 1. Mendel, G. Versuche über Plflanzenhybriden. Verhandlungen des naturforschenden 
Vereines Brünn IV, 3–47 (1866).

 2. Morgan, T. H. the Origin of Five Mutations in Eye Color in Drosophila and Their 
Modes of Inheritance. Science . 33, 534–537 (1911).

 3. Morgan, T. H. Sex Limited Inheritance in Drosophila. Science . 32, 120–122 (1910).
 4. Morgan, T. H. The Theory of the Gene. Am. Nat. 51, 513–544 (1917).
 5. Zatkova, A. An update on molecular genetics of Alkaptonuria (AKU). J. Inherit. 

Metab. Dis. 34, 1127–1136 (2011).
 6. Garrod. The Croonian Lectures on Inborn Errors of Metabolism. Lecture II. Alkap-

tonuria. Lancet 2, 73–79 (1908).
 7. Jervis, G. A. Phenylpyruvic oligophrenia deficiency of phenylalanine-oxidizing sys-

tem. Proc Soc Exp Biol Med 82, 514–5 (1953).
 8. Pauling, L., Itano, H. A., Singer, S. J. & Wells, I. C. Sickle Cell Anemia, a Molecular 

Disease. Science . 110, 543–548 (1949).
 9. Altshuler, D., Daly, M. & Lander, E. Genetic Mapping in Human Disease. Science . 

322, 881–888 (2008).
 10. Gusella, J. F. et al. A polymorphic DNA marker genetically linked to Huntington’s 

disease. Nature 306, 234–238 (1983).
 11. Lander, E. S. & et al. Initial sequencing and analysis of the human genome. Nature  

409, 860–921 (2001).
 12. Craig Venter & et al. The Sequence of the Human Genome. Science . 291, 1304–1351 

(2001).
 13. International Human Genome Sequencing Consortium. Finishing the euchromatic 

sequence of the human genome. Nature 431, 931–45 (2004).
 14. Holtzman, N. & Marteau; TM. Will genetics revolutionize medicine? N. Engl. J. 

Med. 343, 141–144 (2000).
 15. Lander, E. S. Initial impact of the sequencing of the human genome. Nature 470, 

187–197 (2011).
 16. Khoury, M. J. et al. The continuum of translation research in genomic medicine: 

how can we accelerate the appropriate integration of human genome discoveries into 
health care and disease prevention? Genet. Med. 9, 665–674 (2007).

 17. Wade, N. A decade later, genetic map yields few new cures. New York Times 4–7 
(2010).

 18. Durbin, R. M. et al. A map of human genome variation from population-scale se-
quencing. Nature 467, 1061–1073 (2010).

 19. MacArthur, D. G. et al. A Systematic Survey of Loss-of-Function Variants in Human 
Protein-Coding Genes. Science . 335, 823–828 (2012).

 20. Schrodi, S. J. et al. Genetic-based prediction of disease traits: Prediction is very dif-
ficult, especially about the future. Front. Genet. 5, (2014).



27

Genotype-phenotype connections in human disease

C
ha

pt
er

 1 21. Bao, W. et al. Predicting risk of type 2 diabetes mellitus with genetic risk models on 
the basis of established genome-wide association markers: A systematic review. Am. J. 
Epidemiol. 178, 1197–1207 (2013).

 22. Meigs, J. B. et al. Genotype score in addition to common risk factors for prediction 
of type 2 diabetes. N Engl.J Med 359, 2208–2219 (2008).

 23. Chen, R. et al. Analysis of 589,306 genomes identifies individuals resilient to severe 
Mendelian childhood diseases. Nat. Biotechnol. 34, 531–538 (2016).

 24. Baliga, N. S. et al. The State of Systems Genetics in 2017. Cell Syst. 4, 7–15 (2017).
 25. MacDonald, M. E. et al. A novel gene containing a trinucleotide repeat that is 

expanded and unstable on Huntington’s disease chromosomes. Cell 72, 971–983 
(1993).

 26. Amberger, J. S., Bocchini, C. A., Schiettecatte, F., Scott, A. F. & Hamosh, A. OMIM.
org: Online Mendelian Inheritance in Man (OMIM??), an Online catalog of human 
genes and genetic disorders. Nucleic Acids Res. 43, D789–D798 (2015).

 27. Boycott, K. M., Vanstone, M. R., Bulman, D. E. & MacKenzie, A. E. Rare-disease 
genetics in the era of next-generation sequencing: discovery to translation. Nat. Rev. 
Genet. 14, 681–691 (2013).

 28. Dipple, K. M. & McCabe, E. R. B. Phenotypes of Patients with ‘Simple’ Mendelian 
Disorders Are Complex Traits: Thresholds, Modifiers, and Systems Dynamics. Am. J. 
Hum. Genet. 66, 1729–1735 (2000).

 29. Nadeau, J. H. Modifier genes in mice and humans. Nat. Rev. Genet. 2, 165–174 
(2001).

 30. Pyeritz, R. E. The Marfan syndrome. Annu. Rev. Med. 51, 481–510 (2000).
 31. Vanier, M. T. Niemann-Pick disease type C. Orphanet J. Rare Dis. 5, 16 (2010).
 32. Wolf, U. Identical mutations and phenotypic variation. Hum. Genet. 100, 305–321 

(1997).
 33. Capell, B. C. & Collins, F. S. Human laminopathies: nuclei gone genetically awry. 

Nat. Rev. Genet. 7, 940–952 (2006).
 34. Rutland, P. et al. Identical mutations in the FGFR2 gene cause both Pfeiffer and 

Crouzon syndrome phenotypes. Nat. Genet. 9, 173–176 (1995).
 35. Nielsen, R., Hellmann, I., Hubisz, M., Bustamante, C. & Clark, A. G. Recent and 

ongoing selection in the human genome. Nat. Rev. Genet. 8, 857–868 (2007).
 36. Bustamante, C. D. et al. Natural selection on protein-coding genes in the human 

genome. Nature 437, 1153–1157 (2005).
 37. Nielsen, R. et al. Darwinian and demographic forces affecting human protein coding 

genes. Genome Res. 19, 838–849 (2009).
 38. Lek, M. et al. Analysis of protein-coding genetic variation in 60,706 humans. Nature 

536, 285–291 (2016).
 39. Chong, J. X. et al. The Genetic Basis of Mendelian Phenotypes: Discoveries, Chal-

lenges, and Opportunities. Am. J. Hum. Genet. 97, 199–215 (2015).
 40. Narasimhan, V. M., Xue, Y. & Tyler-Smith, C. Human Knockout Carriers: Dead, 

Diseased, Healthy, or Improved? Trends Mol. Med. 22, 341–351 (2016).



Chapter 1

28

 41. Goffeau, A. et al. Life with 6000 Genes. Science . 274, 546–567 (1996).
 42. Kachroo, A. H. et al. Systematic humanization of yeast genes reveals conserved func-

tions and genetic modularity. Science . 348, 921–925 (2015).
 43. Forsburg, S. L. The art and design of genetic screens: yeast. Nat. Rev. Genet. 2, 

659–668 (2001).
 44. Giaever, G. & Nislow, C. The yeast deletion collection: A decade of functional ge-

nomics. Genetics 197, 451–465 (2014).
 45. Winzeler, E. A. et al. Functional Characterization of the S. cerevisiae Genome by 

Gene Deletion and Parallel Analysis. Science . 285, 901–906 (1999).
 46. Giaever, G. et al. Functional profiling of the Saccharomyces cerevisiae genome. Nature 

418, 387–391 (2002).
 47. Hartman, J. L. I. V, Garvik, B. & Hartwell, L. Principles for the Buffering of Genet-

icVariation. Science . 1001, 1–5 (2001).
 48. Gu, Z. et al. Role of duplicate genes in genetic robustness against null mutations. 

Nature 421, 63–66 (2003).
 49. Elbashir, S. M. et al. Duplexes of 21 ± nucleotide RNAs mediate RNA interference in 

cultured mammalian cells. Nature 411, 494–498 (2001).
 50. Brummelkamp, T. R. et al. A System for Stable Expression of Short Interfering RNAs 

in Mammalian Cells. Science . 296, 550–553 (2002).
 51. Hart, T., Brown, K. R., Sircoulomb, F., Rottapel, R. & Moffat, J. Measuring error 

rates in genomic perturbation screens: gold standards for human functional genom-
ics. Mol. Syst. Biol. 10, 733–733 (2014).

 52. Kotecki, M. et al. Isolation and Characterization of a Near-Haploid Human Cell 
Line. Exp. Cell Res. 252, 273–280 (1999).

 53. Carette, J. E. et al. Ebola virus entry requires the cholesterol transporter Niemann–
Pick C1. Nature 477, 340–343 (2011).

 54. Essletzbichler, P. et al. Megabase-scale deletion using CRISPR/Cas9 to generate a fully 
haploid human cell line. Genome Res. 24, 2059–2065 (2014).

 55. Carette, J. E. et al. Haploid Genetic Screens in Human Cells Identify Host Factors 
Used by Pathogens. Science . 326, 1231–1235 (2009).

 56. Burckstummer, T. et al. A reversible gene trap collection empowers haploid genetics 
in human cells. Nat. Methods 10, 965–971 (2013).

 57. Carette, J. E. et al. Global gene disruption in human cells to assign genes to pheno-
types by deep sequencing. Nat. Biotechnol. 29, 542–546 (2011).

 58. Cong, L. et al. Multiplex Genome Engineering Using CRISPR/Cas Systems. Science 
. 339, 819–823 (2013).

 59. Cho, S. W., Kim, S., Kim, J. M. & Kim, J.-S. Targeted genome engineering in human 
cells with the Cas9 RNA-guided endonuclease. Nat. Biotechnol. 31, 230–232 (2013).

 60. Jinek, M. et al. A Programmable Dual-RNA-Guided DNA Endonuclease in Adaptive 
Bacterial Immunity. Science . 337, 816–821 (2012).

 61. Mali, P. et al. RNA-guided human genome engineering via Cas9. Science 339, 823–6 
(2013).



29

Genotype-phenotype connections in human disease

C
ha

pt
er

 1 62. Hart, T. et al. High-Resolution CRISPR Screens Reveal Fitness Genes and Genotype-
Specific Cancer Liabilities. Cell 163, 1515–1526 (2015).

 63. Wang, T. et al. Identification and characterization of essential genes in the human 
genome. Science . 350, 1096–1101 (2015).

 64. Blomen, V. A. et al. Gene essentiality and synthetic lethality in haploid human cells. 
Science . 350, 1092–1096 (2015).

 65. Spataro, N., Rodríguez, J. A., Navarro, A. & Bosch, E. Properties of human disease 
genes and the role of genes linked to Mendelian disorders in complex disease aetiol-
ogy. Hum. Mol. Genet. ddw405 (2017). doi:10.1093/hmg/ddw405

 66. Blekhman, R. et al. Natural Selection on Genes that Underlie Human Disease Sus-
ceptibility. Curr. Biol. 18, 883–889 (2008).

 67. Bradley, A. et al. The mammalian gene function resource: The International Knockout 
Mouse Consortium. Mamm. Genome 23, 580–586 (2012).

 68. White, J. K. et al. Genome-wide generation and systematic phenotyping of knockout 
mice reveals new roles for many genes. Cell 154, (2013).

 69. Ayadi, A. et al. Mouse large-scale phenotyping initiatives: overview of the European 
Mouse Disease Clinic (EUMODIC) and of the Wellcome Trust Sanger Institute 
Mouse Genetics Project. Mamm. Genome 23, 600–610 (2012).

 70. Adams, D. et al. Bloomsbury report on mouse embryo phenotyping: recommenda-
tions from the IMPC workshop on embryonic lethal screening. Dis. Model. Mech. 6, 
571–579 (2013).

 71. Park, D., Park, J., Park, S. G., Park, T. & Choi, S. S. Analysis of human disease genes 
in the context of gene essentiality. Genomics 92, 414–418 (2008).

 72. Zhang, M., Zhu, C., Jacomy, A., Lu, L. J. & Jegga, A. G. The orphan disease net-
works. Am. J. Hum. Genet. 88, 755–766 (2011).

 73. Georgi, B., Voight, B. F. & Bućan, M. From Mouse to Human: Evolutionary Ge-
nomics Analysis of Human Orthologs of Essential Genes. PLoS Genet. 9, e1003484 
(2013).

 74. Barbaric, I., Miller, G. & Dear, T. N. Appearances can be deceiving: Phenotypes of 
knockout mice. Briefings Funct. Genomics Proteomics 6, 91–103 (2007).

 75. Al Hafid, N. & Christodoulou, J. Phenylketonuria: a review of current and future 
treatments. Transl. Pediatr. 4, 304–17 (2015).

 76. Chapman, S. J. & Hill, A. V. S. Human genetic susceptibility to infectious disease. 
Nat. Rev. Genet. (2012). doi:10.1038/nrg3114

 77. Rees, D. C., Williams, T. N. & Gladwin, M. T. Sickle-cell disease. Lancet 376, 
2018–2031 (2010).

 78. Fitness, J., Tosh, K. & Hill, A. V. S. Genetics of susceptibility to leprosy. Genes Im-
mun. 3, 441–453 (2002).

 79. Heim, M. H., Bochud, P.-Y. & George, J. Host – hepatitis C viral interactions: The 
role of genetics. J. Hepatol. 65, S22–S32 (2016).

 80. An, P. & Winkler, C. A. Host genes associated with HIV/AIDS: advances in gene 
discovery. Trends Genet. 26, 119–131 (2010).



Chapter 1

30

 81. Ma, Q. & Lu, A. Y. H. Pharmacogenetics, Pharmacogenomics, and Individualized 
Medicine. Pharmacol. Rev. 63, 437–459 (2011).

 82. Pinto, N. & Dolan, M. E. Clinically relevant genetic variations in drug metabolizing 
enzymes. Curr. Drug Metab. 12, 487–97 (2011).

 83. Weinhandl, K., Winkler, M., Glieder, A. & Camattari, A. Carbon source dependent 
promoters in yeasts. Microb. Cell Fact. 13, 5 (2014).

 84. Hillenmeyer, M. E. et al. The Chemical Genomic Portrait of Yeast: Uncovering a 
Phenotype for All Genes. Science . 320, 362–365 (2008).

 85. Dudley, A. M., Janse, D. M., Tanay, A., Shamir, R. & Church, G. M. A global view 
of pleiotropy and phenotypically derived gene function in yeast. Mol. Syst. Biol. 1, 
E1–E11 (2005).

 86. Lehner, B. Genes confer similar robustness to environmental, stochastic, and genetic 
perturbations in yeast. PLoS One 5, e9035 (2010).

 87. Goldstein, J. L. MOLECULAR MEDICINE: The Cholesterol Quartet. Science . 
292, 1310–1312 (2001).

 88. Brown, M. S. & Goldstein, J. L. A proteolytic pathway that controls the cholesterol 
content of membranes, cells, and blood. Proc Natl Acad Sci U S A 96, 11041–11048 
(1999).

 89. Winter, G. E. et al. The solute carrier SLC35F2 enables YM155-mediated DNA dam-
age toxicity. Nat. Chem. Biol. 10, 768–773 (2014).

 90. Carette, J. E. et al. Global gene disruption in human cells to assign genes to pheno-
types by deep sequencing. Nat. Biotechnol. 29, 542–546 (2011).

 91. Reiling, J. H. et al. A haploid genetic screen identifies the major facilitator domain 
containing 2A (MFSD2A) transporter as a key mediator in the response to tunicamy-
cin. Proc. Natl. Acad. Sci. 108, 11756–11765 (2011).

 92. Pettitt, S. J. et al. A Genetic Screen Using the PiggyBac Transposon in Haploid Cells 
Identifies Parp1 as a Mediator of Olaparib Toxicity. PLoS One 8, (2013).

 93. Wijdeven, R. H. et al. Genome-Wide Identification and Characterization of Novel 
Factors Conferring Resistance to Topoisomerase II Poisons in Cancer. Cancer Res. 75, 
4176–4187 (2015).

 94. Planells-Cases, R. et al. Subunit composition of VRAC channels determines sub-
strate specificity and cellular resistance to Pt-based anti-cancer drugs. EMBO J. 34, 
2993–3008 (2015).

 95. Birsoy, K. et al. MCT1-mediated transport of a toxic molecule is an effective strategy 
for targeting glycolytic tumors. Nat. Genet. 45, 104–108 (2012).

 96. Dixon, S. J. et al. Human Haploid Cell Genetics Reveals Roles for Lipid Metabolism 
Genes in Nonapoptotic Cell Death. ACS Chem. Biol. 10, 1604–1609 (2015).

 97. Heijink, A. M. et al. A haploid genetic screen identifies the G1/S regulatory machin-
ery as a determinant of Wee1 inhibitor sensitivity. Proc. Natl. Acad. Sci. U. S. A. 112, 
15160–15165 (2015).

 98. Guimaraes, C. P. et al. Identification of host cell factors required for intoxication 
through use of modified cholera toxin. J. Cell Biol. 195, 751–764 (2011).



31

Genotype-phenotype connections in human disease

C
ha

pt
er

 1 99. Popov, L. M. et al. The adherens junctions control susceptibility to Staphylococcus 
aureus α-toxin. Proc. Natl. Acad. Sci. 112, 14337–14342 (2015).

 100. Papatheodorou, P. et al. Lipolysis-stimulated lipoprotein receptor (LSR) is the host 
receptor for the binary toxin Clostridium difficile transferase (CDT). Proc. Natl. 
Acad. Sci. 108, 16422–16427 (2011).

 101. Staring, J. et al. PLA2G16 represents a switch between entry and clearance of Picor-
naviridae. Nature 541, 412–416 (2017).

 102. Jae, L. T. et al. Lassa virus entry requires a trigger-induced receptor switch. Science . 
344, 1506–1510 (2014).

 103. Jae, L. T. et al. Deciphering the Glycosylome of Dystroglycanopathies Using Haploid 
Screens for Lassa Virus Entry. Science . 340, 479–483 (2013).

 104. Sun, C. et al. Intrinsic Resistance to MEK Inhibition in KRAS Mutant Lung and 
Colon Cancer through Transcriptional Induction of ERBB3. Cell Rep. 7, 86–93 
(2014).

 105. Prahallad, A. et al. Unresponsiveness of colon cancer to BRAF(V600E) inhibition 
through feedback activation of EGFR. Nature 483, 100–103 (2012).

 106. Iorns, E., Lord, C. J., Turner, N. & Ashworth, A. Utilizing RNA interference to 
enhance cancer drug discovery. Nat. Rev. Drug Discov. 6, 556–568 (2007).

 107. Sánchez-Rivera, F. J. & Jacks, T. Applications of the CRISPR–Cas9 system in cancer 
biology. Nat. Rev. Cancer 15, 387–395 (2015).

 108. Azevedo, L., Suriano, G., van Asch, B., Harding, R. M. & Amorim, A. Epistatic 
interactions: how strong in disease and evolution? Trends Genet. 22, 581–585 (2006).

 109. Doetschman, T. Influence of genetic background on genetically engineered mouse 
phenotypes in Methods in Molecular Biology 530, 423–433 (2009).

 110. Dowell R.D. et al. Genotype to phenotype: a complex problem. Science 328, 469 
(2010).

 111. Lai-Cheong, J. E., McGrath, J. A. & Uitto, J. Revertant mosaicism in skin: Natural 
gene therapy. Trends Mol. Med. 17, 140–148 (2011).

 112. Lehner, B. Molecular mechanisms of epistasis within and between genes. Trends 
Genet. 27, 323–331 (2011).

 113. Cutting, G. R. Modifier genes in Mendelian disorders: the example of cystic fibrosis. 
Ann. N. Y. Acad. Sci. 1214, 57–69 (2010).

 114. Dorfman, R. et al. Modifier gene study of meconium ileus in cystic fibrosis: Statistical 
considerations and gene mapping results. Hum. Genet. 126, 763–778 (2009).

 115. Vieira, N. M. et al. Jagged 1 Rescues the Duchenne Muscular Dystrophy Phenotype. 
Cell 163, 1204–1213 (2015).

 116. Helwig, U. et al. Interaction between undulated and Patch leads to an extreme form 
of spina bifida in double-mutant mice. Nat. Genet. 11, 60–63 (1995).

 117. Nijman, S. M. B. & Friend, S. H. Potential of the Synthetic Lethality Principle. 
Science . 342, 809–811 (2013).

 118. Beijersbergen, R. L., Wessels, L. F. A. & Bernards, R. Synthetic Lethality in Cancer 
Therapeutics. Annu. Rev. Cancer Biol. 1, 141–161 (2017).



Chapter 1

32

 119. Lord, C. J. & Ashworth, A. PARP inhibitors: Synthetic lethality in the clinic. Science 
. 355, 1152–1158 (2017).

 120. Brunen, D. & Bernards, R. Drug therapy: Exploiting synthetic lethality to improve 
cancer therapy. Nat. Rev. Clin. Oncol. 14, 331–332 (2017).

 121. Tong, A. H. Y. et al. Systematic Genetic Analysis with Ordered Arrays of Yeast Dele-
tion Mutants. Science . 294, 2364–2368 (2001).

 122. Tong, A. H. Y. et al. Global Mapping of the Yeast Genetic Interaction Network. 
Science . 303, 808–813 (2004).

 123. Baryshnikova, A. et al. Quantitative analysis of fitness and genetic interactions in yeast 
on a genome scale. Nat. Methods 7, 1017–1024 (2010).

 124. Costanzo, M. et al. The Genetic Landscape of a Cell. Science . 327, 425–431 (2010).
 125. Costanzo, M. et al. A global genetic interaction network maps a wiring diagram of 

cellular function. Science . 353, aaf1420-aaf1420 (2016).
 126. van Leeuwen, J. et al. Exploring genetic suppression interactions on a global scale. 

Science . 354, aag0839-aag0839 (2016).
 127. Dixon, S. J. et al. Significant conservation of synthetic lethal genetic interaction net-

works between distantly related eukaryotes. Proc. Natl. Acad. Sci. 105, 16653–16658 
(2008).

 128. Roguev, A. et al. Conservation and Rewiring of Functional Modules Revealed by an 
Epistasis Map in Fission Yeast. Science . 322, 405–410 (2008).

 129. Dixon, S. J., Andrews, B. J. & Boone, C. Exploring the conservation of synthetic 
lethal genetic interaction networks. Commun. Integr. Biol. 2, 78–81 (2009).

 130. Lehner, B., Crombie, C., Tischler, J., Fortunato, A. & Fraser, A. G. Systematic map-
ping of genetic interactions in Caenorhabditis elegans identifies common modifiers 
of diverse signaling pathways. Nat. Genet. 38, 896–903 (2006).

 131. Tischler, J., Lehner, B. & Fraser, A. G. Evolutionary plasticity of genetic interaction 
networks. Nat. Genet. 40, 390–391 (2008).

 132. Boone, C., Bussey, H. & Andrews, B. J. Exploring genetic interactions and networks 
with yeast. Nat. Rev. Genet. 8, 437–449 (2007).

 133. Maher, B. Personal genomes: The case of the missing heritability. Nature 456, 18–21 
(2008).

 134. Hirschhorn, J. N. & Daly, M. J. Genome-wide association studies for common 
diseases and complex traits. Nat. Rev. Genet. 6, 95–108 (2005).

 135. Welter, D. et al. The NHGRI GWAS Catalog, a curated resource of SNP-trait associa-
tions. Nucleic Acids Res. 42, D1001–D1006 (2014).

 136. Zuk, O., Hechter, E., Sunyaev, S. R. & Lander, E. S. The mystery of missing heri-
tability: Genetic interactions create phantom heritability. Proc. Natl. Acad. Sci. 109, 
1193–1198 (2012).

 137. Eichler, E. E. et al. Missing heritability and strategies for finding the underlying causes 
of complex disease. Nat. Rev. Genet. 11, 446–450 (2010).

 138. Gibson, G. Rare and common variants: twenty arguments. Nat. Rev. Genet. 13, 
135–145 (2012).



33

Genotype-phenotype connections in human disease

C
ha

pt
er

 1 139. Chaufan, C. & Joseph, J. The ‘Missing Heritability’ of Common Disorders: Should 
Health Researchers Care? Int. J. Heal. Serv. 43, 281–303 (2013).

 140. Hall, M. A., Moore, J. H. & Ritchie, M. D. Embracing Complex Associations in 
Common Traits: Critical Considerations for Precision Medicine. Trends Genet. 32, 
470–484 (2016).

 141. Taylor, M. B. & Ehrenreich, I. M. Higher-order genetic interactions and their contri-
bution to complex traits. Trends Genet. 31, 34–40 (2015).

 142. Schork, N. J., Murray, S. S., Frazer, K. A. & Topol, E. J. Common vs. rare allele 
hypotheses for complex diseases. Curr. Opin. Genet. Dev. 19, 212–219 (2009).

 143. Fisher, R. A. XV.—The Correlation between Relatives on the Supposition of Mende-
lian Inheritance. Trans. R. Soc. Edinburgh 52, 399–433 (1919).

 144. Plomin, R., Haworth, C. M. A. & Davis, O. S. P. Common disorders are quantitative 
traits. Nat. Rev. Genet. 10, 872 (2010).

 145. Lander, E. & Schork, N. Genetic dissection of complex traits. Science . 265, 2037–
2048 (1994).

 146. Rung, J. et al. Genetic variant near IRS1 is associated with type 2 diabetes, insulin 
resistance and hyperinsulinemia. Nat. Genet. 41, 1110–1115 (2009).

 147. Dupuis, J. et al. New genetic loci implicated in fasting glucose homeostasis and their 
impact on type 2 diabetes risk. Nat. Genet. 42, 105–116 (2010).

 148. Sparsø, T. et al. The GCKR rs780094 polymorphism is associated with elevated 
fasting serum triacylglycerol, reduced fasting and OGTT-related insulinaemia, and 
reduced risk of type 2 diabetes. Diabetologia 51, 70–75 (2007).

 149. Bouatia-Naji, N. et al. A Polymorphism Within the G6PC2 Gene Is Associated with 
Fasting Plasma Glucose Levels. Science . 320, 1085–1088 (2008).

 150. Cookson, W., Liang, L., Abecasis, G., Moffatt, M. & Lathrop, M. Mapping complex 
disease traits with global gene expression. Nat. Rev. Genet. 10, 184–194 (2009).

 151. Hrdlickova, B., de Almeida, R. C., Borek, Z. & Withoff, S. Genetic variation in the 
non-coding genome: Involvement of micro-RNAs and long non-coding RNAs in 
disease. Biochim. Biophys. Acta - Mol. Basis Dis. 1842, 1910–1922 (2014).

 152. Brem, R. B., Yvert, G., Clinton, R., Kruglyak, L. Genetic Dissection of Transcrip-
tional Regulation in Budding Yeast. Science . 296, 752–755 (2002).

 153. Albert, F. W. & Kruglyak, L. The role of regulatory variation in complex traits and 
disease. Nat. Rev. Genet. 16, 197–212 (2015).

 154. Schadt, E. E. et al. Genetics of gene expression surveyed in maize, mouse and man. 
Nature 422, 297–302 (2003).

 155. Nicolae, D. L. et al. Trait-associated SNPs are more likely to be eQTLs: Annotation 
to enhance discovery from GWAS. PLoS Genet. 6, e1000888 (2010).

 156. Zhu, Z. et al. Integration of summary data from GWAS and eQTL studies predicts 
complex trait gene targets. Nat. Genet. 48, 481–487 (2016).

 157. Moffatt, M. F. et al. Genetic variants regulating ORMDL3 expression contribute to 
the risk of childhood asthma. Nature 448, 470–473 (2007).



Chapter 1

34

 158. Albert, F. W., Treusch, S., Shockley, A. H., Bloom, J. S. & Kruglyak, L. Genetics 
of single-cell protein abundance variation in large yeast populations. Nature 506, 
494–497 (2014).

 159. Bloom, J. S., Ehrenreich, I. M., Loo, W. T., Lite, T.-L. V. & Kruglyak, L. Finding the 
sources of missing heritability in a yeast cross. Nature 494, 234–237 (2013).

 160. Cheung, V. G. & Spielman, R. S. Genetics of human gene expression: mapping DNA 
variants that influence gene expression. Nat. Rev. Genet. 10, 595–604 (2009).

 161. Wu, L. et al. Variation and genetic control of protein abundance in humans. Nature 
499, 79–82 (2013).

 162. Monks, S. A. et al. Genetic Inheritance of Gene Expression in Human Cell Lines. Am. 
J. Hum. Genet. 75, 1094–1105 (2004).

 163. Dixit, A. et al. Perturb-Seq: Dissecting Molecular Circuits with Scalable Single-Cell 
RNA Profiling of Pooled Genetic Screens. Cell 167, 1853–1866.e17 (2016).

 164. Adamson, B. et al. A Multiplexed Single-Cell CRISPR Screening Platform Enables 
Systematic Dissection of the Unfolded Protein Response. Cell 167, 1867–1882.e21 
(2016).

 165. Parnas, O. et al. A Genome-wide CRISPR Screen in Primary Immune Cells to Dis-
sect Regulatory Networks. Cell 162, 675–686 (2015).

 166. DeJesus, R. et al. Functional CRISPR screening identifies the ufmylation pathway as 
a regulator of SQSTM1/p62. Elife 5, (2016).

 167. Brockmann, M. et al. Genetic wiring maps of single-cell protein states reveal an off-
switch for GPCR signalling. Nature (2017). doi:10.1038/nature22376



35

Genotype-phenotype connections in human disease

C
ha

pt
er

 1





Chapter 2

General Introduction
The application of haploid genetic screens to 
connect genotypes to phenotypes
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A major challenge in the field of genetics is to unravel how the genetic 
repertoire of an individual contributes to disease development, as dis-
cussed in chapter 1. Experimental studies in genetic model systems can 
aid in untangling the relationships between genotypes and phenotypes 
by examining the functional consequences of disrupting gene function. 
Using a reverse genetic approach, a gene of interest is mutated and the 
resulting phenotype is subsequently characterized. Alternatively, using 
forward genetics, mutants are selected and characterized that affect 
a phenotype of interest. To link genes to a phenotype using forward 
genetics, it is crucial that genes can be modified at high scale and with 
high efficiency. Historically, this was only possible in non-mammalian 
model organisms, but nowadays this can also be achieved in cultured 
human cells which are frequently-used models to study disease pro-
cesses. This chapter describes three approaches using mutagenized 
haploid human cells to address diverse biological questions.
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Gene inactivation in human cells has been complicated due to the presence of 
genes in two copies, the inability to combine mutant alleles using genetic cross-
ings, and the low efficiency of homologous recombination. A first solution to these 
limitations was the discovery of RNA interference where small double-stranded 
RNA molecules can be introduced into cells to target specific mRNA molecules 
for degradation1. This technology has been successfully applied on a genome-wide 
scale to link genes to phenotypes2–7. However, this approach is prone to off-target 
effects and is unable to completely inactivate gene function which complicates 
its application8. Recently, the discovery of the bacterial Cas9 endonucleases that 
can be programmed using a guide RNA (sgRNA) to generate DNA breaks in the 
human genome has provided an additional tool to study recessive phenotypes9–12. 
The resulting error prone repair introduces genomic mutations, thereby resulting 
in a higher sensitivity compared to RNAi screens13. This relatively novel technol-
ogy has already been applied to various biological questions14–21. 

 
Although most human somatic cells are diploid, the isolation of haploid human 
cell cultures introduced an alternative approach to forward genetics in human 
cells. Because haploid cells carry only a single allele of their genes, random mu-
tagenesis can be applied to generate complex libraries of mutant cells that can be 
exposed to phenotypic selections. Continuing developments in the methodology 
of haploid genetic screens, as discussed below, have facilitated its use to study a 
wide variety of biological processes.

GeneTICS In HaploId CellS 

Human cancer cells frequently show aberrant numbers of chromosomes and severe 
chromosome loss resulting in near-haploidy has been observed in malignancies of 
various origins22. The isolation of the chronic myeloid leukemia-derived KBM7 
cell line, which is haploid for all chromosomes except for chromosome 8, provided 
a human cell line that is largely accessible to random mutagenesis in order to in-
terrogate recessive phenotypes23. Although mutations can be introduced through 
various methods, insertional mutagenesis provides a convenient molecular tag at 
the site of mutation by the integration of exogenous DNA into the host genome24. 
To generate loss-of-function alleles, a gene-trap cassette that contains a strong 
splice acceptor site in addition to a transcriptional termination signal is typically 
used. Such gene-trap cassettes can be delivered using various vehicles including 
retroviruses25, or transposons26. Initially, KBM-7 cells were subjected to insertional 
mutagenesis to demonstrate that knockout alleles could be generated and mutants 
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could be clonally characterized following a phenotypic selection25. Because it is 
laborious to analyze individual cell clones at the genetic level, a parallel approach 
using deep sequencing was subsequently developed to characterize mutations in a 
polyclonal population following selection27. Such sequencing-based readouts can 
be applied to link genes to phenotypes in haploid cell cultures including haploid 
embryonic stem (ES) cells isolated from human28, mouse29,30, and primates31, as 
well as HAP1 cells, a non-hematopoietic derivative of KBM-7 cells that is haploid 
for all chromosomes32,33. After mutagenesis, complex pools of mutants can be 
subjected to a phenotypic selection in order to link genes to the selected pheno-
types. Different selection strategies can be applied to link genes to a variety of: 
using viability as readout, positive selections can be applied to study resistance 
phenotypes (chapter 3 and 4) whereas negative selections can yield insights into 
gene essentiality and genetic interactions (chapter 5). In addition, mutants can 
be interrogated for their contribution to quantitative intracellular phenotypes 
(chapter 6). In this chapter, the applications of each of these approaches will be 
discussed with a focus on the experimental setup and analytical procedures.    

Positive selection screens
Positive selection screens depend on a stringent enrichment for a minority of mu-
tants that exhibit a phenotype (Fig. 1). Typically, selection is achieved by exposure 
of mutagenized cells to lethal pathogens, toxins or chemical compounds so that 
only a small fraction of the mutagenized cell population survives (often 0.01-
0.5%). Whereas in an unselected population gene trap integrations are scattered 
across the genome, a stringent phenotypic selection results in a disproportionate 
number of mutations enriched in a limited number of genes, which can be identi-
fied by comparing mutation density per gene to an unselected control population. 
This approach has been applied in KBM7, HAP1, and murine ES cells to identify 
novel host factors for viruses25,27,33–39 and resistance mechanisms for numerous 
bioactive small molecules25,27,29,30,40–49. In addition to resistance phenotypes, 
stringent enrichments for mutant cells displaying altered cell surface antigen 
presentation or pathway reporter activity have been used to dissect phenotypes 
beyond viability50–55.
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Setup & analysis
For a positive selection, a mutagenized pool of cells (100 million in chapter 3 and 
4) is exposed to a phenotypic selection leading to the survival of approximately 
10-500k clones (Fig. 1A). These clones are subsequently expanded (in the presence 
or absence of the selective pressure) to gain sufficient cell material for DNA isola-
tion, amplification of the insertion sites, and subsequent DNA sequencing. The 
low complexity of this population makes it relatively straightforward to recover 
the insertion sites using inverse27 or splinkerette30 PCR amplifications rather than 
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Figure 1. Positive Selections. (A) Experimental setup for a positive selection screen. (B) Workflow 
for the analysis of the selected sample prior to statistical testing. (C) Inclusion and exclusion criteria 
for selecting reads. Instead of using read abundance as readout for mutant representation, only unique 
alignments at distinct genomic loci are considered. Intronic integrations in sense or exonic integrations 
regardless of orientation are considered disruptive. Additionally, to minimize potential false positive 
alignments, reads that align multiple times when allowing mismatches are removed, in addition to 
reads within 3 bp of one another. (D) The number of mutations retrieved in each gene is compared 
to an unselected control using a one-sided Fisher’s exact test. (E) Graphical representation of a char-
acteristic positive selection screen. The inverse logarithm of the FDR-corrected p-value is plotted for 
each gene on the y-axis and separation along the x-axis can be achieved by various methods (e.g. by 
alphabet, chromomal position, random, etc.). Bubble size represents the number of insertions.
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linear amplification (LAM)-PCR protocols which can be used to map millions of 
distinct insertion sites34,56. The products of an amplification step contain part of 
the integrated retroviral sequence, as well as a flanking genomic region that can be 
sequenced to identify the genomic location of the insertion site (Fig. 1). During 
selection, even cells that have not been mutagenized can become resistant to a va-
riety of treatments, potentially due to epigenetic or genetic instability. Therefore, 
rather than identifying the most abundant clones in the population, the frequency 
of unique gene mutants that repeatedly cause a phenotype is used to connect 
genes to the phenotype of interest. This can be achieved by counting individual 
mutations in genes and to identify genes that have higher mutation counts than 
expected by chance27. Assuming that each unique gene-trap insertion event occurs 
at a distinct genomic location, the mutation frequency of a particular gene in the 
selected population can be compared to the mutation frequency of that same gene 
in an unselected population of mutagenized cells27,33. 

To identify the genomic coordinates of the integrations, sequence reads are aligned 
to the human genome and stringently filtered. First, because the abundance of 
amplification products (or sequence reads) is not a reliable proxy for the represen-
tation of a particular mutant in the population, only sequence reads that can be 
uniquely aligned are retained for further analysis (chapter 3 and 4). Furthermore, 
the amplification of low-complexity libraries can generate false positive integra-
tion sites, as repeatedly amplifying few sequences in parallel can introduce errors. 
Additional stringency can be obtained by removing sequence reads that align 
at multiple genomic loci upon allowing a more relaxed alignment fidelity, and 
discarding reads in very close proximity to one another (Fig. 1B and C). Following 
filtering, all remaining reads can be assigned to genes and counted. Although a 
unidirectional gene trap cassette is designed to disturb gene function only when 
integrating in the transcriptional orientation of the affected gene, exonic inte-
grations can be considered equally disruptive regardless of orientation (Fig. 1B 
and C). Particularly stringent selections can yield datasets with only few mapped 
integrations, where the only regions in the genome containing mutations in close 
proximity to one another fall within the genes mediating the selected phenotype. 
In such cases, plotting the proximity of gene trap integrations across the genome 
provides an overview of genetic regulators27. However, considering retroviral 
integrations are not distributed evenly across the genome, larger datasets are more 
susceptible to identifying potential retroviral integration hotspots unrelated to the 
studied phenotype. This can be corrected by comparing the number of mutations 
in each gene retrieved after selection to those mapped in that same gene in an 
unselected control dataset using a Fisher’s exact test (Fig. 1D and E)27,33. Overall, 
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positive selection screens using haploid cells can be used to link genes to a variety 
of phenotypes such as resistance phenotypes, intracellular reporter activity, or the 
abundance of extracellular markers. 

Negative selection screens
In contrast to positive selections, negative selections aim to identify mutations 
that are absent in the selected cell population (Fig. 2A). In the simplest form, a 
negative selection can be used to examine gene essentiality under standard culture 
conditions. Considering that genes required for viability in human cells will not 
tolerate mutations, these are expected to be underrepresented for disruptive gene-
trap integrations. However, unlike a positive selection which requires mapping a 
small, selected minority of a mutagenized population, a negative selection requires 
a population-wide overview to identify mutations that have been depleted from 
the population. A complication in the analysis of such datasets is that genes are 
not mutagenized with the same frequency, and it is difficult to distinguish which 
genes are infrequently mutated due to a fitness defect versus those that are infre-
quently mutagenized, or in which mutations are difficult to map, due to technical 
reasons. For a unidirectional gene trap, the majority of retroviral insertions are 
only mutagenic when they integrate in the same orientation as the affected gene 
into intronic regions. Therefore, the distribution of sense and antisense orienta-
tion integrations in genes can be used as a measure of essentiality (Fig. 2D)15,27,56. 

Although culturing a mutagenized population under standard conditions pro-
vides an overview of gene essentiality of a cultured human cell line, this method 
can also be applied to identify context-specific gene requirement56. In particular, 
genetic interactions can be identified by subjecting haploid cells engineered with 
a specific gene-deficiency to mutagenesis and comparing gene essentiality to wild-
type cells in order to identify genotype-specific fitness effects. When mutating two 
genes simultaneously results in a markedly stronger fitness defect than expected 
from mutating each gene individually, a genetic interaction is termed to be nega-
tive. This includes synthetic lethality, where the combination of two mutations 
is lethal, and synthetic sickness, where the double mutant cell exhibits a fitness 
defect but remains viable. Additionally, genetic interactions can be positive, where 
simultaneous ablation of two genes results in an unexpectedly mild phenotype. 
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Figure 2. Negative Selections. (A) Experimental setup for identifying genes required for cell fitness. 
(B) Workflow for the analysis prior to statistical testing. (C) Inclusion and exclusion criteria for select-
ing reads. Unlike for positive selections, reads uniquely aligning with a single mismatch are included. 
Only unique alignments at distinct genomic loci are considered and read assignment is limited to 
non-overlapping protein-coding gene regions. Because negative selection screens depend on the direc-
tionality of the gene trap, exonic reads are not considered. (D) The fitness contribution of each gene is 
determined by the proportion of disruptive sense orientation integrations. Without selective pressure, 
an equal representation of both orientations is expected, and deviation from this equality because of 
selection is tested by a binomial test. (E) Graphical representation of a characteristic negative selection 
screen. The proportion of sense integrations is plotted on the y-axis and the total number of mapped 
integrations in depicted on the x-axis. Significantly biased genes can be colored to depict the p-value 
cutoff. 
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Setup & analysis
The selective pressure used to characterize gene essentiality or genetic interactions 
commences upon mutagenesis. After allowing for a number of generations to 
deplete for cells carrying mutations in fitness-affecting genes, the pool can be 
subjected to mutation mapping. Because haploid somatic cells have the tendency 
to convert back to a diploid state during, or prior to mutagenesis, this can sub-
stantially confound the results, as heterozygous loss of most genes is tolerated56. 
Therefore, prior to amplifying the insertion sites, the mutagenized population can 
be fixed, permeabilized and stained for DNA content, so as to enrich for cells that 
have remained haploid to optimize the effect size. The sorted haploid cells can be 
subjected to insertion site amplification and mapping using a LAM-PCR after 
de-crosslinking and genomic DNA isolation.     

Similarly, as described for positive selections, sequencing the library yields se-
quence reads containing the flanking regions of gene trap integrations, which can 
then be aligned to the human reference genome. Whereas in a low-complexity 
library errors may be encountered in the sequenced DNA strands due to the am-
plification of many sequence reads belonging to a single insertion site, for negative 
selections a large population of mutants is analyzed and individual mutants will 
be covered by relatively few sequence reads. Therefore, alignment criteria are 
chosen to include uniquely matching reads with a single mismatch, and filtering 
steps to exclude integrations in close proximity are not applied (Fig. 2B and C). 
Subsequently, intronic retroviral integrations can be assigned to genes and classi-
fied as disruptive or non-disruptive based on the orientation with respect to the 
transcriptional direction. Because gene trap integrations cannot be unambigu-
ously assigned to genes whose genomic coordinates overlap with other genes, only 
unique regions of protein-coding genes are considered (Fig. 2C). After counting 
these mutations, genes with a lower proportion of disruptive integrations than 
expected by chance can be identified using a binomial test (Fig. 2D). Although the 
distribution of integration orientation in a gene provides a quantitative measure 
of cell fitness (Fig. 2E), additional factors can influence the presence of sense 
orientation integrations in essential genes (e.g. the efficacy of the splice acceptors 
at genomic loci) and therefore an absolute separation between essential genes and 
fitness-affecting genes cannot be made. 

This approach is sensitive to variations in culture conditions, number of passages, 
and duration of mutagenesis, among others. Therefore, replicate experiments in 
independent clonally-derived cell lines can be used to estimate gene dependence 
with higher confidence. To generate a reference dataset for gene requirement under 
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standard culture conditions, the mapped insertion sites of multiple independent 
wild-type datasets can be combined (4 wild-type datasets in chapter 5) to maxi-
mize statistical power for genes with relatively few integrations. For genes with a 
larger number of mapped integrations small and potentially biologically irrelevant 
variations in fitness may be identified as significant. This can be minimized by 
applying a nonlinear regression-based noise model based on the variance over the 
individual datasets56.

To identify genetic interactions, genome editing approaches (CRISPR or TAL-
EN57) have been applied in HAP1 cells to engineer isogenic mutant cells which 
can be subjected to mutagenesis56,58. Typically, the use of multiple clonally-derived 
cell lines that are mutagenized independently can simultaneously reduce the clonal 
and experimental variability. Genotype-specific gene requirements can be deter-
mined by assessing the proportion of sense and antisense orientation insertions 
for each gene in the specific genetic background and subsequently comparing 
with the wild-type fitness measurements. A genetic interaction can be identified 
if differential dependence on gene function is consistently statistically significant 
for each independent replicate experiment (derived from three independent 
knockout clones in chapter 5) compared to all control datasets (derived from four 
independent clonal isolates of wild-type cells in chapter 5), thereby requiring it 
to be significant in multiple (twelve in chapter 5) Fisher’s exact tests. Because the 
frequency of integrations in a gene is variable, genes for which many integrations 
can be mapped more readily become significant outliers even if the effect size is 
marginal. This can be limited using an effect size cut-off (30% in chapter 5). 

Although in chapter 5 this analytical approach is applied to identify negative 
genetic interactions, this can similarly be applied to identify positive interactions, 
such as synthetic viable interactions59 and suppressor mutants56, using a two-sided 
Fisher’s exact test. In addition to genetic interactions, this methodology can be 
used to identify gene-environment interactions, as exogenously applied selective 
pressure may, in principle, select for, or against, sense orientation integrations in 
specific genes60. 

Quantitative phenotypic screens
Positive and negative selections frequently rely on viability as a phenotypic read-
out, thereby limiting their application. Extracellular markers or genetic reporters 
have been used to examine additional phenotypes in haploid cells50–55, but these 
readouts are not available for every cellular process. Subjecting pools of deletion 
mutants to cytometric separation based on quantitative protein measurements 
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can provide an overview of genes affecting the query protein fate. Because the 
mapping of retroviral insertions is sufficiently sensitive to recover approximately 
one gene-trap insertion from a single cell that has been fixed, stained, and sorted, 
intracellular protein phenotypes become accessible to interrogation61. In yeast, 
it was previously shown that selection of the phenotypic extremities of a large 
population provides a powerful approach to detect mutations that affect the fate 
of endogenously tagged proteins62. Although tagged alleles are more laborious to 
generate in human cells, antibodies are available to detect a plethora of biomolecules 
in different states, and are suitable to detect molecular phenotypes, although in 
principle other methods for characterizing cellular traits can be similarly applied. 
Following antibody staining, a population of mutagenized cells can be subjected 
to cytometry-based separation to enrich for cells with either a high signal or a 
low signal of the measured trait. This yields two mutant populations enriched 
or depleted for mutations in genes affecting the phenotype (Fig. 3A), which can 
subsequently be amplified and sequenced (Fig. 3A and B). Mutation frequen-
cies in individual genes can be compared between the two separate populations, 
allowing each mapped population to serve as the control for the other (Fig. 3D 
and E). In principle, any measurable trait can be queried for its respective genetic 
regulators, as has been shown for pathogenic infectivity using a fluorescent virus37, 
signal transduction pathways, histone modifications, and organelle homeostasis61. 
In addition, a phenotypic selection in an altered genetic background can point 
out suppressor mutations that correct the molecular phenotype in a mutant of 
interest61.
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Setup & analysis
To analyze quantitative protein phenotypes, a highly complex mutant library is 
passaged to acquire a large population of several billion cells required for selection. 
Culture conditions can be modified prior to fixation (e.g. an agonist/antagonist of 
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Figure 3. Identification of synthetic lethal interactions. (A) Experimental setup for identifying ge-
netic interactions. Mutant cell lines can be generated using CRISPR-cas9. Three isogenic clonal cell 
lines are independently mutagenized and each replicate is processed as depicted in Figure 2. (B) and 
(C) Genetic interactions are identified as genes with differential fitness contributions (different ratio 
between sense and antisense orientation insertions) in wild-type HAP1 cells compared to query geno-
type. Although the binomial test is used to detect statistically significant contributions to fitness within 
a replicate, a Fisher’s exact test is used to compare the proportion of disruptive integrations between the 
wild-type and the query genotype. (D) In principle, the alignment steps are identical to those in Figure 
2. However, experimental fluctuations can introduce variation in the general magnitude of depletions 
of negatively selected genes. Prior to comparison, each query genotype replicate is normalized to four 
summed wild-type HAP1 datasets. Subsequently, the essentiality per gene is compared in each of three 
replicates to four individual wild-type datasets, requiring the passing of twelve Fisher’s exact tests by a 
defined threshold.
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Figure 4. Interrogating intracellular phenotypes. (A) Experimental setup for identifying regulators 
of protein states. Following separation of the cells with the lowest and highest signal for the query 
phenotype, both populations are processed individually for library preparation and sequencing prior 
to comparison. (B) Workflow for the analysis. (C) Inclusion and exclusion criteria for selecting reads. 
Unique alignments at distinct genomic loci are considered and, similar to negative selection analy-
sis, only non-overlapping regions of protein-coding genes are included. In sense intronic or exonic 
integrations uniquely aligning with, at most, a single mismatch in sense integrations are considered 
disruptive. Since a complex library is provided for amplification, integrations in close proximity are not 
removed, in contrast to positive selection screens. (D) The number of mutations retrieved in each gene 
is compared between the low and high expressing populations for the query phenotype by means of a 
two-sided Fisher’s exact test. (E) Graphical representation of a characteristic quantitative phenotypic 
screen. Each gene is assigned a ‘mutation index’ represented by the fraction of the number of mutations 
per gene divided by the total number of mapped mutation in each population. This value is plotted on 
the y-axis and the x-axis depicts the total number of mutations in each gene. Genes without integra-
tions in either channel are assigned a value of 1 to include these in the graph. 
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a pathway of interest) and the phenotypic selection can subsequently be applied 
by separating mutants exhibiting low or high levels of the desired trait. Typically, 
fluorescent labeling using specific antibodies can be used to detect diverse quanti-
tative traits following the dissociation, fixation and permeabilization of the cells. 
Also, as described for negative selections, the inclusion of a DNA dye in addition 
to the primary staining enables the quantification of DNA content to exclude 
diploid cells from further analysis. Cytometric separation for cells (typically 1-5% 
in chapter 6) at both ends of the measured spectrum can yield approximately 10 
million sorted events that can subsequently be subjected to mutant mapping. 
Because millions of fixed mutant cells are isolated in each population, a sensitive 
LAM-PCR procedure is applied to map mutations following de-crosslinking and 
genomic DNA isolation. 

Insertion sites recovered from the cell populations exhibiting either a low or a 
high signal are processed and sequenced separately prior to comparison. The 
initial steps for insertion site identification are identical to the analysis of negative 
selections, where unique reads are aligned to the human genome allowing for a 
single mismatch, and subsequently assigned to non-overlapping coding regions of 
genes. However, unlike positive selections or screens to identify synthetic lethal or 
synthetic viable phenotypes, the identification of regulators of quantitative phe-
notypes does not require a wild-type untreated control dataset. Mutations in genes 
that positively affect a query trait will be enriched in the low population, and vice 
versa. Hence, comparing the relative mutation frequency of a gene in each chan-
nel provides a quantitative estimate of their overall contribution to the phenotype. 
The frequency of disruptive integrations in the same transcriptional orientation as 
the affected gene is considered and compared using a two-sided Fisher’s exact test. 
Because the same procedure can be applied to cells that have been selected using 
different antibodies it becomes feasible to compare screens among each other and 
to assign regulatory networks to different protein phenotypes. 

ConCludInG reMarkS

In the following four experimental chapters, each of these approaches has been 
applied to different biological questions. This includes thirteen positive selection 
screens for various resistance phenotypes described in chapter 3 and 4, twenty-
eight negative selection screens to determine the essential genes in wild-type cell 
lines and in seven engineered genetic backgrounds (chapter 5), and twelve screens 
to map genetic regulators of twelve diverse intracellular phenotypes (chapter 6). 
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Insertional mutagenesis in a haploid background can disrupt gene 
function1. We extend our earlier work by using a retroviral gene-trap 
vector to generate insertions in >98% of the genes expressed in a hu-
man cancer cell line that is haploid for all but one of its chromosomes. 
We apply phenotypic interrogation via tag sequencing (PhITSeq) 
to examine millions of mutant alleles through selection and parallel 
sequencing. Analysis of pools of cells, rather than individual clones1 
enables rapid assessment of the spectrum of genes involved in the phe-
notypes under study. This facilitates comparative screens as illustrated 
here for the family of cytolethal distending toxins (CDTs). CDTs are 
virulence factors secreted by a variety of pathogenic Gram-negative 
bacteria responsible for tissue damage at distinct anatomical sites2. We 
identify 743 mutations distributed over 12 human genes important 
for intoxication by four different CDTs. Although related CDTs may 
share host factors, they also exploit unique host factors to yield a profile 
characteristic for each CDT.
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The ability to remove or inactivate single genes in cells or intact organisms has 
revolutionized all aspects of modern biology. Gene disruption in human cells is 
hampered by their diploid nature, the inability to set up genetic crosses at will and 
low rates of homologous recombination. As a result, only very few human traits 
have been subjected to detailed mutagenesis-based analyses using conventional 
methods. We recently developed a screening approach based on gene inactiva-
tion in human cells using insertional mutagenesis in the KBM7 chronic myeloid 
leukemia cell line, which is haploid for all chromosomes except chromosome 8 
(ref. 1). However, this required that individual clones be isolated, expanded and 
used for DNA isolation to map gene-trap insertions by inverse-PCR and Sanger 
sequencing. Such screens are labor intensive, do not necessarily reach saturation 
and thus may not produce a reliable genome-wide overview of genes that contrib-
ute to phenotypes of interest. 

To overcome these shortcomings, we report here how deep sequencing can 
be used to interrogate millions of mutant alleles and assign genes to phenotypes 
with high saturation and accuracy. Analogous to recent developments in high-
density insertional mutagenesis in microorganisms3–5, this approach may enable 
the comparison of mutant phenotypes under different conditions. We first 
benchmarked a large population of mutagenized cells by examining mutation 
frequencies in individual genes by deep sequencing. We then used this bench-
marked population of mutant cells for 12 independent phenotypic selections. 
As inferred from the number of independent insertions in genes of interest in 
a given screen, we achieved a high level of saturation and thus a genome-wide 
overview of the genes involved. Finally, we applied these technological advances 
to four comparative genome-wide screens, using toxins secreted by Gram-negative 
bacteria as the selecting agents. We could distinguish among toxins produced by 
related pathogens that evolved to affect different anatomical sites in the human 
body. These comparative screens identified with high confidence ten host factors 
not previously implicated in intoxication and furthermore provide evidence that 
these structurally and functionally related, yet distinct, toxins evolved to exploit 
distinct sets of host factors to achieve intoxication of their hosts. 

To obtain accurate genome-wide overviews of genes involved in particular 
phenotypes, we increased the saturation of gene-trap mutagenesis in two ways. 
First, for a given screen, we increased the total number of cells infected with a 
promoterless retroviral gene-trap vector to 100 million cells and improved the 
retroviral transduction rate to ~75%. Second, in an improvement over our earlier 
approach1, we aimed to retain insertion events also in genes that are silent or that 
show low or heterogeneous expression. Typically, mutagenesis by promoter-trap 
vectors involves a selection step for insertions into active genes by tracking the 
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reporter gene embedded in the gene trap. We omitted this step and characterized 
the mutagenized cell pool without selection, thereby extending the mutagenized 
cell population to include gene-trap insertions, into silent genes and heteroge-
neously or not highly expressed genes, as well as insertions in the orientation 
opposite to direction of transcription. To characterize the extent and type of 
insertions obtained in our mutagenized cell population, we mapped the flanking 
sequences of ~900,000 independent insertion sites. We did this by using a linear 
amplification mediated-PCR (LAM-PCR), followed by single-stranded (ss)DNA 
linker ligation and massively parallel sequencing (Supplementary Table 1). 

Insertion sites were distributed over all chromosomes but were biased toward 
genes, because ~49% of the insertions were present within RefSeq-annotated genes 
(Supplementary Table 2). These insertions covered ~70% of all RefSeq genes. On 
average, each gene contains ~30 independent insertions. Although we did not 
select a priori for active genes by using the selection embedded in the genetrap vec-
tor, it is known that gammaretroviral insertion sites have a preference for genomic 
regions near histone marks that are positively associated with transcription6. To 
assess the extent of mutagenesis obtained, we compared our mapped insertion 
database with expression data in KBM7 cells7. Ninety-eight percent of the genes 
classified as expressed based on KBM7 microarray data (Supplementary Table 3) 
contain at least one gene-trap insertion. These percentages decrease to 90% for 
marginally expressed genes and to 65% for genes classified as nonexpressed. Given 
that we sequenced only ~1% of the mutations present in the input cell population 
(0.9 million out of the 75 million mutants), we conclude that our full library 
contains many independent mutations in nearly all expressed genes, including 
those expressed at low levels and for the majority of genes that are heterogeneously 
expressed or silent under basal growth conditions. Phenotypic selection of mutant 
cells, followed by mapping of the mutations in the selected pool, should therefore 
yield a detailed genome-wide view of the genetic components associated with a 
particular phenotype. We call this approach PhITSeq. 

As a first screening experiment, we exposed 100 million mutagenized cells 
to a recently developed antagonist of the anti-apoptotic BCL-2 family, the 
small molecule ABT-737 (ref. 8), which induces regression of solid tumors. 
We confirmed that, before selection, the unselected population of mutagenized 
cells contains mutations in all main components of the apoptotic machinery 
(Supplementary Fig. 1). After selection, cells were expanded and sequences flank-
ing the insertion sites were amplified using an inverse-PCR protocol, followed by 
massively parallel sequencing. These sequences were then mapped to the human 
genome and for each insertion the distances to its closest neighboring, independent 
insertions were determined. This allowed the calculation of a proximity index for 
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each insertion. A high numerical value for this index represents a short distance to 
its neighbors (Fig. 1a,b). Because passenger mutations will be randomly distrib-
uted over the genome, these should have a low proximity index, whereas driver 
mutations are expected to cluster closely in distinct genomic regions and should 
have a high proximity index. After ABT-737 selection of the mutant pool, we 
observed two regions on chromosome 18 and 19 with a high density of insertions 
(Fig. 1b). These regions show a combined total of 117 independent mutations 
distributed over regions encoding the genes NOXA and BAX. Clonally derived cell 
lines that contain gene-trap insertions in these genes show loss of expression of the 
corresponding gene (Fig. 1c). Both pro-apoptotic proteins have been implicated 
in ABT-737–mediated induction of cell death9,10. 
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Figure 1. Phenotypic interrogation via tag sequencing (PhITSeq). (A) Approximately 100 mil-
lion near-haploid KBM7 cells were infected with gene-trap vectors and expanded without selection. 
Short DNA sequences flanking the inserted gene-trap vectors were amplified and sequenced in parallel 
and aligned to the human genome. Insertion sites were identified in genes that were expressed and 
nonexpressed in KBM7 cells. The population of 100 million cells was used to select several thousand 
clones for particular phenotypes. Selected clones were expanded and used for parallel sequencing for 
insertion sites. A proximity index, calculated for each insertion site, corresponds to the calculated in-
verse of the average distance between a specific insertion and its immediate upstream and downstream 
insertions. (B) Mutagenized cells were selected with ABT-737 and insertion sites were mapped in the 
selected populations. N, number of insertions found in each gene. (C) Immunoblot analysis of BAX 
and NOXA protein expression in clonally derived cell lines that contain gene-trap insertions in cor-
responding genes. (D) Insertions in the HBEGF locus in the unselected mutagenized pool and in a cell 
population selected after exposure to diphtheria toxin. Gene-trap insertions in the same transcriptional 
orientation as the gene (sense) are depicted in green and in the antisense orientation are drawn in red. 
Note that selection against HBEGF function enriches for sense orientation insertions in introns but 
not in exons
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PhITSeq couples the abundance of independent insertional mutations to 
a phenotype. We do not select for inactivating mutations a priori: our mutant 
library contains insertions in introns in both the sense (thereby inactivating the 
gene) and antisense (not likely to inactivate a gene when inserted in intronic 
sequences) orientations. As viral integration in the sense or antisense orientation is 
a random event, a skewed distribution of insertions in a particular gene is indica-
tive of selection, and a functional consequence of inactivation. Indeed, when we 
compare the collections of insertions in cells that survive selection, there is strong 
enrichment of the inactivating sense mutations. As a graphic illustration of this 
point, we chose a gene for which the largest number of insertions was identified 
(Fig. 1d). In our screen for resistance to diphtheria toxin, we disrupted the gene 
that encodes the entry receptor of diphtheria toxin receptor (HBEGF, 295 inde-
pendent insertions). Whereas sense and antisense insertions are present in equal 
proportions in the unselected starting collection of mutant cells, the antisense 
insertions in introns are almost completely lost from the selected survivors. The 
remaining antisense insertions are located mainly within exonic sequences of the 
gene and are therefore likely to be mutagenic as well. Thus, PhITSeq accurately 
links inactivating mutations to a phenotype of interest and is not dependent on 
prior knowledge or gene annotation. 

Our second screening experiment involved identifying host factors required for 
the effects of bacterial toxins. Cytolethal distending toxins (CDTs) are secreted 
by multiple bacterial species that cause disease2, including food borne diseases 
(Escherichia coli, Shigella dysenteriae, Campylobacter jejuni and Salmonella typhi), 
aggressive periodontitis (Aggregatibacter actinomycetemcomitans) and sexually 
transmitted disease (Haemophilus ducreyi). Their CDTs have been proposed to 
be virulence factors and are further suspected of having carcinogenic properties 
because the catalytic subunit of these toxins displays DNAse I–like activity11. 
Exposure of human cells to these toxins causes cell cycle arrest and cytotoxicity 
by inducing DNA breaks11,12. Virulence factors often interact closely with host 
cells at the site of infection to create an environment favorable to colonization. It 
is unclear whether CDTs that target different anatomical sites also use different 
host factors for cell intoxication. Notwithstanding their similar overall structure, 
CDTs from different species diverge in sequence, with subunits A and C being the 
cell-binding component and the more conserved B subunit the catalytic domain 
with homology to DNAses11 (Fig. 2a). These differences in sequence likely reflect 
the lifestyles and anatomical host niches targeted by the bacteria that produce 
them (Fig. 2b). The limited sequence conservation of the cell binding subunits 
may reflect the use of different entry factors. We used PhITSeq to determine 
whether CDTs of diverse origin and structure use different pathways for entry 
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and intoxication, or whether they also share components. Four different bacte-
rial toxins were produced, each of them causing the characteristic G2/M arrest 
in HeLa and KBM7 cells (Fig. 2c). Four pools of 100 million library mutant 
cells were each treated with a different CDT, surviving cells were isolated 20 d 
after intoxication and insertions were mapped. The proximity plots show 12 host 
factors with a combined total of 743 mutations (Figs. 2d and 3a). The observed 
enrichment scores, as calculated by comparing mutations in genes before and 
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Figure 2. Host factors used by different CDTs. (A) CDTs are tripartite protein toxins that show the 
highest sequence conservation in the catalytic CdtB-subunit and lower conservation in the cell bind-
ing CdtA and CdtC subunits. Sequence conservation of the four CDTs used in this study is depicted 
using the H. ducreyi CTD crystal structure11. (B) CDTs are secreted by pathogenic bacteria that infect 
and colonize the human body at different anatomical locations such as the oral cavity (A. actinomy-
cetemcomitans) digestive tract (C. jejuni and E. coli) and genitalia (H. ducreyi). (C) CDTs from differ-
ent bacterial species induce a G2/M cell cycle arrest in both HeLa cells and KBM7 cells. (d) PhITSeq 
screens performed with CDTs secreted by different bacteria. The y axis represents the proximity index 
calculated for each insertion. The x-axis represents the chromosomes in which each insertion is located. 
N indicates the number of insertions found in each gene.
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after selection, were highly significant (P-values between 4 × 10−6 and 1 × 10−307, 
Fig. 3b). Among the genes identified were TMEM181 and SGMS1, already found 
in a haploid screen using E. coli CDT1. None of the ten other host factors had 
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Figure 3. Genes linked to different phenotypes. (A) Gene-trap insertions identified in loci essen-
tial for CDT intoxication. A color code distinguishes gene-trap insertions that were enriched using 
distinct CDTs: green, A. actinomycetemcomitans; red, E. coli; blue, C. jejuni; yellow, H. ducreyi. (B) 
Loci linked to 12 separate phenotypes. Cells were exposed to small-molecule inhibitors of the Bcl2-
family (ABT-737), Chk1-kinase activity (AZD7762), Bcr-Abl-activity (imatinib), or DNA methyla-
tion (decitabine). Additional phenotypic selections were done using biological agents such as TRAIL, 
CDTs, diphtheria toxin, ricin toxin and reovirus. Gene-trap insertions in exonic sequences or in the 
sense orientation of genes were counted per individual selection. The enrichment P-value was cal-
culated for each gene locus by comparing this number to the number of insertions identified in the 
same locus within the unselected cell population. Each screen resulted in a distinct set of one to eight 
genes with high significance. These include already known entry factors used by pathogens such as the 
entry receptor for diphtheria toxin (HBEGF), the reovirus receptor (F11R) and an enzyme involved 
in carbohydrate synthesis required for ricin entry (MGAT2). It also includes downstream effectors of 
kinases, for example. CDC25A in a screen with a Chk1 inhibitor or PTPN1 and PTPN12 identified by 
Bcr-abl inhibition using imatinib. Strong resistance against decitabine was observed in cells containing 
mutations in deoxycytidine kinase (DCK), the rate-limiting kinase for activation of several nucleoside 
analogs20.
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been previously implicated in CDT intoxication. These host gene products are 
unlikely to act as generic entry factors for pathogens because none of them were 
enriched in any of the other phenotypic screens performed to date, for example, 
for diphtheria toxin, ricin or reovirus (Fig. 3b and data not shown). For most of 
the newly identified factors, neither their roles in intoxication nor even any other 
functions were known. With the exception of ERP44, a soluble oxidoreductase 
that resides in the endoplasmic reticulum (ER) lumen13, they all are integral 
membrane proteins as inferred from their predicted amino acid sequence. They 
reside either in the plasma membrane and/or in the endomembrane system, 
including Golgi (GLG1)14, ER lumen (ERP44) and transport vesicles (TMED2 
and TMED10)15. CDTs of different origin require distinct sets of host factors, 
with sphingomyelin synthase 1 (SGMS1) being the only host factor common to 
all four screens. E. coli CDT requires the G protein–coupled receptor homolog 
TMEM181, sphingomyelin synthase 1 (SGMS1), Golgi glycoprotein 1 (GLG1) 
and the vacuolar ATPase subunit 2 (ATP6V0A2). A. actinomycetemcomitans CDT 
shows a similar pattern but does not require TMEM181 and is critically reliant 
on the presence of a synaptogyrin 2 (SYNGR2), a ubiquitously expressed integral 
membrane protein16. C. jejuni has evolved dependency on a different set of host 
factors compared to the other CDTs. Besides proteins involved in vesicular trans-
port, three plasma membrane proteins were identified as essential: TMEM127, a 
familial tumor suppressor gene17, GPR107, an uncharacterized G protein–coupled 
receptor and TM9SF4, linked to resistance to pathogenic Gram-negative bacteria 
by preventing phagocytosis in Drosophila18. 

These results are consistent with the notion that CDTs from different species 
have evolved partially overlapping, yet distinct, routes of intoxication. Remarkably, 
CDTs secreted by bacteria that colonize different anatomical sites may still show 
very similar host factor requirements (e.g., H. ducreyi and A. actinomycetemcomi-
tans), whereas CDTs from bacteria that occupy similar niches (e.g., E. coli and C. 
jejuni) can have very distinct requirements. We further investigated ATP6V0A2 to 
determine whether the genes identified here are also involved in CDT-mediated 
intoxication in other cell types. Our screen suggests that this v-ATPase subunit is 
required for intoxication by E. coli CDT, whereas intoxication by CDT derived 
from C. jejuni appears to be less dependent on this host factor. We treated HeLa 
cells with concanamycin A, a specific inhibitor of v-ATPase19, and exposed them 
to either E. coli CDT or C. jejuni CDT. Concanamycin treatment abolished 
the ability of E. coli CDT to induce cell cycle arrest at the G2/M phase of the 
cell cycle, whereas the action of C. jejuni CDT was not impaired, in agreement 
with the differential requirement for this host factor suggested by our screens 
(Supplementary Fig. 2). Thus, comparative profiling using PhITSeq identified ten 
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novel host factors required for a family of bacterial toxins and provides a solid ge-
netic framework for further study of the molecular mechanisms of host-pathogen 
interactions. Identification of these host factors now permits examination of their 
involvement in tissue damage inflicted by CDTs in vivo, at the actual anatomical 
sites they target. 

The PhITSeq approach is scalable and allows precise comparative analyses by 
using the same well-characterized library of mutants for multiple phenotypic 
selections. Here we present 12 examples of independent phenotypic screens, not 
only using different pathogens but also a collection of targeted cancer therapeutics 
(Fig. 3b). Each screen yields a select number of hits. In the examples of TRAIL, 
ABT-737, decitabine, AZD7762, diphtheria toxin and reovirus, each of the hits 
correspond to established key regulators of the phenotype, including cell surface 
receptors (HBEGF, F11R), downstream effector molecules (FADD, CASP8) and 
a drug-metabolizing enzyme (DCK). These findings suggest that these screens 
are unlikely to be confounded by large numbers of false-positive results. In the 
case of CDTs, all significant hits are either transmembrane proteins or proteins 
involved in membrane trafficking events. These might act as toxin receptors or 
be involved in intracellular trafficking of receptor-toxin complexes. The clusters 
of insertion sites found in the various selected cell populations are located within 
genes and are predicted to disrupt gene function, based on their orientation and 
location. It is therefore likely that the gene-trap insertions directly affect the genes 
into which they insert, rather than perturbing neighboring genes through action 
at a distance. Indeed, the retroviral vectors used for mutagenesis themselves lack 
strong promoter or enhancer sequences, disfavoring the possibility of ‘long dis-
tance’ effects. Our screens are unlikely to identify factors that are either essential 
for cell viability in the absence of selection or show genetic redundancy (such as 
the TRAIL receptors). Indeed, essential genes can be recognized by a paucity of 
sense orientation, gene-trap insertions in the mutagenized unselected cell popula-
tion. A clear example of this is BCR-ABL (Supplementary Fig. 3). Genes whose 
disruption severely reduces cell fitness without outright cytolethal effects would 
be underrepresented in our screens and therefore may fail to reach levels of high 
significance, even when involved in the phenotype of interest. In contrast to RNA 
interference–based screens, which can be applied to many cell types, our approach, 
for now, relies on the use of one particular human near-haploid cell line. Although 
many cellular phenotypes should be accessible in these cells, the generation or 
isolation of additional haploid cell types, for example, by reprogramming, would 
be useful.
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MeTHodS

Generation of mutagenized cells.
Gene-trap virus was produced by transfection of 293T cells in T175 dishes using 
turbofectin 8 (Origene) with a mixture of pGT-GFP, pGT-GFP+1 and pGT-
GFP+2 (ref. 1) (6.7 µg) combined with 1.7 µg pAdvantage, 2.6 µg CMV-VSVG 
and 4 µg Gag-pol. The virus- containing supernatant was concentrated using 
ultracentrifugation for 1.5 h at 25,000 r.p.m. in a Beckman SW28 rotor. Batches 
of mutant KBM7 cells (100 million cells in total) were prepared by transduction 
in 24-well tissue-culture dishes containing 1.5 million cells per well using spin 
infection for 45 minutes at 2,000 r.p.m. in the presence of 8 µg/ml protamine 
sulfate. Screens were started at least 6 d after gene-trap infection. 

Sequence analysis of the gene-trap insertion sites in the unselected mutagenized cell 
population. 
Genomic DNA was isolated from ~40 million cells using QIAamp DNA mini 
kit (Qiagen) according to manufacturer’s protocol. After digestion with NlaIII 
or MseI, genomic DNA was used as template for a linear PCR (99 cycles) using 
a 5′-biotinylated primer (5′-GGTCTCCAAATCTCGGTGGAAC-3′) anneal-
ing to the GT-GFP genetrap vector. The resulting ssDNA product contains the 
5′LTR of the retroviral vector followed by the genomic DNA sequence flanking 
the insertion site ending at either an NlaIII or MseI restriction site. This product 
was purified using streptavidin-coated beads (Dynabeads M-280; Invitrogen) and 
a 5′-phosphorylated and 3′-modified (dideoxycytidine, ddC) ssDNA linker was 
ligated to the 3′end of the product using a ssDNA ligase (CircLigase II, Epicenter 
Biotechnologies). The linker (5′-TCGTATGCCGTCTTCTGCTTGACTCAGT 
AGTTGTGCGATGGATTGATG-3′) contains adaptor sequence II required for 
sequencing using the Genome Analyzer (Illumina). After ligation the product was 
purified and used as template for a PCR that adds adaptor sequence I with prim-
ers (5′-AATGATACGGCGACCACCGAGATCTGATGGTTCTCTAGCTT-
GCC-3′) and (5′-CAAGCAGAAGACGGCATAC GA-3′). The PCR generates 
products of different lengths representing the abundance of individual insertion 
sites present in the sample, which visualizes as a smear on an agarose gel. After 
column purification (Qiaquick PCR purification kit, Qiagen), 8 pM of the prod-
uct was sequenced on one lane of an Illumina Model GA2X Genome Analyzer 
using a custom sequencing primer annealing to the extreme end of the 5′LTR 
(5′-CTAGCTTGCCAAACCTACAGGTGGGGTCTTTCA-3′), resulting in 
sequences directly flanking the site of insertion of the gene-trap vector. 



Chapter 3

74

Analysis of gene-trap insertions in the unselected mutagenized cell population.
The 36-base-pair (bp) sequences in the FASTQ data file were aligned to the hu-
man genome (hg18) using Bowtie alignment software21. We used stringent criteria 
to exclude ambiguous alignments by not allowing any mismatches in the full 
36-bp sequence and by excluding all sequences that align nonuniquely to the 
human genome. Of the sequence reads 59% aligned uniquely over the full 36-bp 
sequence, 33% were excluded because they contained one or more mismatches 
and 8% were excluded because of nonunique alignment. Using these criteria, we 
obtained an insertion data table that contains ~900,000 independent insertion 
sites mapped to the human genome (Supplementary Table 1). Based on their posi-
tion on the human genome, insertion sites were identified as located in genomic 
regions annotated to contain genes. We further classified these insertions as being 
in the sense or antisense orientations compared to the gene. This was done by 
intersecting (based on chromosome intervals) the insertion database with a data 
table containing the chromosomal coordinates of RefSeq22 annotated genomic re-
gions retrieved from the UCSC genome table browser database23, using BEDTools 
software24. The resulting gene insertion data table contains ~450,000 insertions 
meeting these criteria (Supplementary Table 2). To determine the percentage of 
expressed genes that contain insertions, we used gene expression data from KBM7 
cells (GEO: GSE7114)7. The present/absent calls of five replicates were sum-
marized, coupled to gene symbol and this table was joined to the gene insertion 
data table (Supplementary Table 3). From this table we derive the percentage of 
expressed (P, present), marginally expressed (M, marginal) and nonexpressed (A, 
absent) genes that contain insertions. Discrepancies of gene symbol annotation 
of the Affymetrix platform with the RefSeq data table are indicated and excluded 
from the analysis. 

Treatment of cells for phenotypic enrichments. 
For a phenotypic enrichment screen, 100 million cells were incubated with the 
selection agent. In a typical screen the resistant cells were expanded over the 
course of ~20 d. When the cells were expanded to 30 million cells, cell debris was 
removed by multiple wash steps with PBS and genomic DNA was isolated to map 
the insertion sites. In general the selection agent was present during the course of 
the experiment. Concentrations used were: diphtheria toxin (Sigma-Aldrich) 400 
ng/ml, ricin (Vector Laboratories) 40 ng/ml, ABT-737 (Selleck Chemicals) 15 
µM, AZD7762 (Selleck Chemicals) 250 nM, and decitabine (Tocris Bioscience) 
15 µM. Imatinib was added at 2 µM for 4 d, after which it was further diluted 
to 600 nM followed by a 20 d incubation. Recombinant TRAIL (Sigma-Aldrich) 
was added at a concentration of 1 µg/ml for 7 d, after which it was diluted two-
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fold and surviving cells were expanded. The cytolethal distending toxins were 
produced as described below. The following dilutions were used for the screen: 
CDT E. coli 0.4 µl/ml, CDT C. jejuni 2.0 µl/ml, CDT H. ducreyi 0.05 µl/ml and 
A. actinomycetemcomitans 0.01 µl/ml. 

Cloning and production of cytolethal distending toxins. 
E. coli CDT. The construct for the full operon of E. coli CDT was generously 
provided by J. Kaper (pDS7.96)25. A starter culture of E. coli BL21 cells trans-
formed with this plasmid was used to inoculate 500 ml of sterile M9 minimal 
media (Sigma) supplemented with 1% (wt/vol) glucose. After 21 h at 37 °C with 
vigorous shaking, the supernatant was filter sterilized (0.22 µm pore size filter). 
The filtrate was concentrated using a Centricon-Plus 70 (Millipore) with a cut-off 
filter of 30 kDa to a final volume of 5 ml. The buffer was exchanged to PBS using 
a PD10 desalting column (GE Healthcare Life Sciences) and filter sterilized. A. 
actinomycetemcomitans CDT. The operon sequence between subunits CdtA and 
CdtC was amplified from genomic DNA of Aggregatibacter actinomycetemcomi-
tans (ATCC 700685D-5) using the following forward: 5′-ATCTAAGGAGAG-
GTACAA TGAAA-3′ and reverse 5′-TTAGC TACCCTGATTTCTCC-3′ 
primers. The PCR product was purified from agarose gel using a QIAquick Gel 
Extraction Kit (Qiagen) and cloned into the pGemTeasy vector (Promega). A 
clone displaying the 5′ end in the orientation of the T7 promoter was used as 
template to introduce a Shine-Delgarno sequence upstream of the initial methio-
nine by Quikchange II Site-Directed Mutagenesis (Stratagene) and the following 
primer: 5′-GGGCCCGACGTC GCTTAACTTTAAGAAGGAGCTCCGGCC-
GCCATGG-3′. A starter culture of E. coli BL21 (DE3) transformed with the 
resulting construct was used to inoculate 250 ml M9 minimal media (Sigma) 
supplemented with 1% (wt/vol) glucose. When the culture reached an optical 
density of ~0.4 at 600 nm, it was induced with (IPTG 0.5 mM) and incubated 
for 5 h at 37 °C with vigorous shaking. The culture was centrifuged at 10,000g 
for 15 min in a Sorvall RC6 PLUS centrifuge (SLA1500 rotor). The resultant 
supernatant was filtered and concentrated following the protocol described for E. 
coli CDT. C. jejuni CDT. Individual toxin subunits were amplified from genomic 
DNA (ATCC 43432D-5), thereby removing secretion signal sequences, using the 
following primers: CdtA 5′-GCGCCATGGGATGTTCT TCTAAATTTG-3′ 
and 5′-CGCCTCGAGTCGTACCTCTCCTTGGCG-3′, CdtB 5′-GCGCCAT-
GGGAAATT TAGAAAATTTTA-3′ and 5′-CGCCTCGAGAAATTTTCTA-
AAATTTAC-3′, CdtC 5′-GCGCCATGGGAACTCCT ACTGGAGATT-3′ and 
5′-CGCCTCGAGTTCTAAAGGGGTAGCAGC-3′, and 5′-CGCCTCGAG-
GCTACCC TGATTTCTTCG-3′. Each subunit was cloned into pET28(+) 
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vector (Novagen) between the NcoI and XhoI restriction sites to equip each 
subunit with a C-terminal His6 tag. Individual subunits were expressed separately 
in E. coli BL21 grown in TB medium (Terrific Broth, Sigma) supplemented with 
1% glycerol at 37 °C under agitation (220 r.p.m., Innova 5000 Gyrotory Tier 
Shaker, New Brunswick Scientific). Expression was induced in mid-log growth 
phase with 0.3 mM IPTG (isopropyl-β-d-1-thiogalactopyranoside, Sigma). After 
an expression time of 5 h, the three CDT subunit expression cultures were pooled, 
centrifuged (6,000g, 15 min, Avanti J-E Centrifuge, Beckman Coulter) and pel-
lets freeze-thawed. Proteins were solubilized under denaturing conditions at 37 °C 
(8 M urea, 20 mM HEPES (N-[2-Hydroxyethyl]piperazineN-[2-ethanesulphonic 
acid]) pH 7.5, 200 mM NaCl, 0.1% (vol/vol) TritonX-100, 2.5 mM dithioth-
reitol (DTT), 2 mM ethylenediaminetetraacetic acid (EDTA), purified at 4 °C 
using nickel chelating affinity resin (Ni-NTA agarose, Qiagen) and eluted with 
0.3 M imidazole. CDT was co-refolded by stepwise dilution of 8 M urea to 1 
M urea with 20 mM HEPES pH 7.5, 200 mM NaCl, 2.5 mM DTT, 2 mM 
(EDTA), protease inhibitor (Complete Mini, Roche) buffer at 4 °C on a stir-
ring plate. Following a second nickel chelating affinity resin purification and 
concentration step (Amicon Ultra Centrifugal filter units, MWCO = 30 kDa, 
Millipore), the holotoxin was further purified with size exclusion chromatogra-
phy (Äkta FPLC gel filtration system, HiLoad 16/60 Superdex 200 column, GE 
Healthcare). Protein-containing fractions were tested for toxicity by cell cycle 
analysis of intoxicated HeLa cells. Toxic fractions were pooled and concentrated. 
H. ducreyi CDT. Individual toxin subunits were amplified from genomic DNA 
(ATCC 700724D-5), thereby removing secretion signal sequences, using the 
following primers: CdtA 5′-GCGCCATGGGATGTTCATCAAATCAAC-3′ 
and 5′-CGCCTCGAGATTAACCGCTGTTGCTTC-3′, CdtB 5′-GCGCCAT 
GGGAAACTTGAGTGACTTCA-3′ and 5′-CGCCTCGAGGCGATCACGA 
ACAAAACT-3′, CdtC 5′-GCGCCATGGGAAGTCATGCAGAATCAA-3′ and 
5′-CGCCTCGAGGCTACCCTGATTTCTTCG-3′. Cloning and production of 
the toxin was performed similar to the protocol described for C. jejuni CDT. 

Sequencing of gene-trap insertion sites in phenotypically enriched populations. 
The lower complexity of selected cell populations allowed the insertion sites to be 
mapped by inverse PCR reaction. Genomic DNA was isolated from ~30 million 
cells using QIAamp DNA mini kit (Qiagen) according to manufacturer’s protocol. 
After digestion with MseI or NlaIII, DNA was ligated using T4 DNA ligase to cir-
cularize the fragments. After column purification (Qiaquick PCR purification kit, 
Qiagen), a PCR was performed using outward facing primers annealing internally 
in the gene-trap vector, thereby introducing the Illumina adaptor sequences I 
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and II. The primers used for ligated DNA digested with NlaIII were (5′-AAT-
GATACGGCGACCACCG AGATCTGATGGTTCTCTAGCTTGCC-3′ and 
5′-CAAGCAGAAGACGGCATACGACCCAGGTTAAGATCAAGGTC) and 
for ligated DNA digested with MseI were (5′-AATGATACGGCGACCACC-
GAGATCTGATGGTTCTCTAGCTTGCC-3′ and 5′-CAAGCAGAAGACG 
GCATACGACGTTCTGTGTTGTCTCTGTCTG). After column purification, 
8 pM of the products was sequenced on one lane of an Illumina Model GA2X 
Genome Analyzer using a custom sequencing primer annealing to the extreme end 
of the 5′LTR (5′-CTAGCTTGCCAAACCTACAGGTGGGGTCTTTCA-3′). 

Identification of unique insertion sites in the phenotypically enriched populations. 
The 36-base-pair (bp) sequences in the FASTQ data file were mapped to the hu-
man genome (hg18) using Bowtie alignment software21. Because the complexity 
of insertions is significantly lower in the selected pools compared to the unselected 
pools and because PCR amplification is not unbiased, some individual insertion 
sites are sequenced in very high frequency. An unwanted consequence of this 
is the appearance of sequencing errors. Stringent criteria were used to identify 
unique insertion sites. No mismatches were allowed in the 36-bp sequence and 
the sequence should uniquely align to the human genome even when 1 or 2 
mismatches are allowed. If two insertions align 1 or 2 base pairs apart, only 1 
is retained. For each selection a data table was produced containing these inser-
tion sites (Supplementary Tables 4–16). To distinguish genomic regions with a 
high density of insertions, we define the proximity index for a given insertion 
as the inverse value of the average distances with its neighboring insertion sites. 
The inverse value is calculated from the average distance (in base pairs) between 
the given insertion and the two neighboring upstream insertions and the two 
next downstream insertion sites. This method of analysis pinpoints insertion-rich 
regions in phenotypic screens and includes all insertions (sense and antisense). 
It provides a graphical illustration of insertion site clustering and thereby allows 
nonannotated elements also to be identified. 

An alternative method of analysis focuses on the insertions in a given screen 
that are present in genes and compares these to the unselected population. To 
create a control data set, the FASTQ data file for the unselected population de-
scribed above was analyzed using the same criteria as for the selected pools. The 
total number of insertions in genes and the number of insertions per individual 
gene were counted by intersecting the insertions with the data table containing 
chromosomal coordinates of RefSeq-annotated genes. If an insertion was located 
in a genomic region shared by multiple transcripts of the same gene, it only 
counted once. For a given screen, the number of inactivating mutations (= sense 
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orientation or present in exon) per individual gene was counted as well as the 
total number of inactivating insertions for all genes. Enrichment of a particular 
gene in a particular screen was calculated by comparing how often that gene was 
mutated in the screen compared to how often the genes carries an insertion in the 
control data set (Supplementary Table 17). For each gene a P-value (corrected for 
false-discovery rate) was calculated using the one-sided Fisher exact test run in the 
R software environment. In some cases the P-value was lower than the R software 
could report. In these cases the numerical value was set to the smallest nonzero 
normalized floating-point number R could report (~1 × 10−307). 
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Supplemental Figure 1. Coverage of gene-trap mutagenesis. The number of gene trap insertions 
mapped in core members of the intrinsic and extrinsic cell death pathways was examined in the un-
selected mutagenized cell population to determine the gene coverage of our mutagenesis approach. The 
number of insertions identified is indicated above the gene name in red.
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Supplemental Figure 2. Differential requirement for the v-ATPase by E. coli CDT and C. jejuni 
CDT in HeLa cells. HeLa cells were treated with either E. coli or C. jejuni CDTs in the presence or 
absence of 50 nM concanamycin A to inhibit the v-ATPase. Subsequently the ability of these toxins to 
induce a G2/M cell cycle arrest was examined using flow cytometry.
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BCR

Sense

Supplemental Figure 3. Orientation bias of gene traps in essential genes in the unselected popu-
lation of mutagenized cells. Gene trap insertions in BCR, encoding the N-terminal domain of the 
p210 bcr-abl fusion protein that is required for cell viability of the CML cell line KBM7. Gene trap 
insertions in the same transcriptional orientation as the gene (sense) are depicted in green and in the 
antisense orientation are drawn in red. Note the enrichment for antisense orientation insertions sug-
gesting that cells containing sense insertions are lost during cell growth.
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Rift Valley fever virus (RVFV) causes recurrent insect-borne epizoot-
ics throughout the African continent, and infection of humans can 
lead to a lethal hemorrhagic fever syndrome. Deep mutagenesis of 
haploid human cells was used to identify host factors required for 
RVFV infection. This screen identified a suite of enzymes involved in 
glycosaminoglycan (GAG) biogenesis and transport, including several 
components of the  cis-oligomeric Golgi (COG) complex, one of the 
central components of Golgi complex trafficking. In addition, disrup-
tion of PTAR1 led to RVFV resistance as well as reduced heparan sulfate 
surface levels, consistent with recent observations that PTAR1-deficient 
cells exhibit altered Golgi complex morphology and glycosylation de-
fects. A variety of biochemical and genetic approaches were utilized to 
show that both pathogenic and attenuated RVFV strains require GAGs 
for efficient infection on some, but not all, cell types, with the block 
to infection being at the level of virion attachment. Examination of 
other members of the Bunyaviridae family for GAG-dependent infec-
tion suggested that the interaction with GAGs is not universal among 
bunyaviruses, indicating that these viruses, as well as RVFV on certain 
cell types, employ additional unidentified virion attachment factors 
and/or receptors.
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IMporTanCe

Rift Valley fever virus (RVFV) is an emerging pathogen that can cause severe dis-
ease in humans and animals. Epizootics among livestock populations lead to high 
mortality rates and can be economically devastating. Human epidemics of Rift 
Valley fever, often initiated by contact with infected animals, are characterized by 
a febrile disease that sometimes leads to encephalitis or hemorrhagic fever. The 
global burden of the pathogen is increasing because it has recently disseminated 
beyond Africa, which is of particular concern because the virus can be transmit-
ted by widely distributed mosquito species. There are no FDA-licensed vaccines 
or antiviral agents with activity against RVFV, and details of its life cycle and 
interaction with host cells are not well characterized. We used the power of genetic 
screening in human cells and found that RVFV utilizes glycosaminoglycans to 
attach to host cells. This furthers our understanding of the virus and informs the 
development of antiviral therapeutics.

InTroduCTIon

Rift Valley fever virus (RVFV) is a member of the Bunyaviridae family of viruses 
that cause emerging infections that threaten both human and livestock popula-
tions on several continents1. Bunyaviruses have a tripartite, negative-sense RNA 
genome and are frequently transmitted by insects1. RVFV can be transmitted by 
mosquitoes or by exposure to infected tissues and body fluids and is considered 
endemic in much of Africa2. In humans, RVFV can cause an acute fever lead-
ing to complications such as kidney failure and, in about 1% of cases, a lethal 
hemorrhagic fever3,4. In addition, RVFV spreads rapidly across infected herds of 
livestock and can cause significant mortality in infected animals5,6.

We took a genetic approach to identify host factors that are required for RVFV in-
fection in vitro by employing an insertional mutagenesis screen using Hap1 cells, 
a human haploid cell line. By utilizing a retroviral gene trap, gene-inactivating 
insertion sites can be efficiently mapped with deep sequencing technology7. 
This approach has successfully uncovered host factors required by a variety of 
pathogens, including viruses, bacteria, and bacterial toxins8–12. When gene trap-
mutagenized Hap1 cells were challenged with RVFV and the surviving cells 
were analyzed, there was an enrichment of sites of insertion into multiple genes 
involved in glycosaminoglycan (GAG) biosynthesis as well as genes for subunits of 
the cis-oligomeric Golgi (COG) complex and PTAR1. We confirmed the require-
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ment for heparan sulfate during infection with RVFV isolates with a variety of 
genetic and biochemical perturbations, consistent with the findings from de Boer 
et al.13. We now show that the dependency on heparan sulfate during RVFV infec-
tion is consistent across a representative panel of primary RVFV isolates and, by 
employing vesicular stomatitis virus (VSV)-based pseudovirions, that utilization 
of GAGs by RVFV during infection occurs at the step of entry. We were able to 
identify, using a quantitative binding assay, virus attachment to be the specific 
entry step affected. However, the dependence of RVFV on GAGs for efficient 
infection was cell type dependent. Surfen (a small-molecule antagonist of heparan 
sulfate) inhibited infection of Hap1 and SNB-19 cells by replication-competent 
RVFV, yet surfen did not impact infection of several other cell lines by RVFV, 
even though it efficiently blocked infection by herpes simplex virus 1 (HSV-1), 
a virus that depends upon heparan sulfate for efficient infection in vitro. Thus, 
while GAG interactions do significantly enhance RVFV infection in some con-
texts, other virus attachment factors must also exist and/or RVFV utilizes GAG 
structures that do not efficiently interact with surfen.

MaTerIalS and MeTHodS 

Cells and viruses. 
Hap1 cells7 and the derived mutant cell lines were grown in Iscove’s modified Dul-
becco’s medium (IMDM) supplemented with 10% (vol/vol) fetal bovine serum 
(FBS), 2 mM l-glutamine, 1 mM sodium pyruvate, 10 units/ml penicillin, and 
100 µg/ml streptomycin. HEK 293T, Vero E6, C6/36, L, and sog9 cells (a gener-
ous gift from Frank Tufaro) were grown in Dulbecco’s modified Eagle medium 
(DMEM) supplemented with 10% (vol/vol) FBS, 2 mM l-glutamine, 10 units/
ml penicillin, and 100 µg/ml streptomycin.

The following strains of RVFV were used in this study: MP-12, ZH-501, Kenya 
9800523, and Kenya 2007002444. MP-12 was propagated in MRC-5 cells (at the 
University of Pennsylvania) or Vero E6 cells (at USAMRIID), while the ZH-501 
and the Kenyan strains were propagated in Vero E6 cells. Viral titers on Vero E6 
cells were determined by plaque assay. Crimean-Congo hemorrhagic fever virus 
(CCHFV) strain IbAr10200 was propagated in CER cells, and viral titers on 
CER cells were determined. HSV-1 strain k-GFP (a generous gift from Nigel 
Fraser, University of Pennsylvania) was propagated in Vero E6 cells. Studies using 
RVFV ZH-501 were conducted in a biosafety level 3 laboratory at USAMRIID, 
whereas infections using the Kenyan RVFV strains and CCHFV were performed 
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in a biosafety level 4 laboratory at USAMRIID. Appropriate safety protocols were 
followed, and personal protective equipment was worn while conducting experi-
ments in the high-containment laboratories. The generation of PTAR1-deficient 
Hap1 cells was described before14.

Insertional mutagenesis. 
Hap1 cells were mutagenized with a retroviral gene trap as described in reference 
11 and exposed to strain MP-12. Surviving clones were expanded for genomic 
DNA isolation. Subsequently, gene trap insertion sites were amplified using an 
inverse PCR, submitted for parallel sequencing (Illumina HiSeq 2000), and 
aligned to the human genome (hg18)10. Genes significantly enriched for gene-trap 
insertions compared to the sequences of an unselected control cell population 
were identified using a one-sided Fisher’s exact test as described in reference 11.

RVFV pseudovirion production. 
To assess the specific role of GAGs in RVFV attachment and entry, as opposed to 
downstream replication events, we used a VSV pseudovirion system15,16 in which 
the VSV glycoprotein gene G was deleted from the viral genome (VSVΔG) and 
replaced with a reporter gene, either Renilla luciferase (VSVΔG-rLuc) or red 
fluorescent protein (VSVΔG-RFP). To generate VSVΔG pseudovirions possessing 
RVFV glycoproteins (or those of other viruses), the glycoproteins were provided 
in trans via an expression vector to cells transduced with the VSVΔG core. HEK 
293T cells seeded in 10-cm2 plates were transfected with pCAGGS RVFV 
ZH-548 M using the Lipofectamine 2000 reagent (Invitrogen) according to the 
manufacturer’s instructions. This construct is codon optimized for expression in 
human cells and contains only the coding region of the M segment starting at the 
fourth ATG start codon, which omits the NSM coding region. At between 16 and 
20 h after transfection, cells were transduced with VSVΔG pseudovirions bearing 
VSV G. After adsorption of pseudovirions for 1 h, cells were carefully rinsed four 
times with warm phosphate-buffered saline (PBS) containing calcium and mag-
nesium, and then the medium was replaced with complete DMEM supplemented 
with 25 mM HEPES. Cell culture supernatants were collected 24 h later, clarified 
by low-speed centrifugation for 30 min at 4°C, filtered (pore size, 0.45 µm), and 
then aliquoted for storage at −80°C. Andes virus (ANDV) and Hantaan virus 
(HTNV) pseudovirions were generated in the same fashion.

Virus infections.
To compare the ability of diverse RVFV strains or CCHFV to infect Hap1 cells 
and the derived mutant cell lines, we utilized a high-content imaging-based infec-
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tion assay. Each cell line was seeded at a density of 1 × 104 cells per well in 
Greiner black well, clear-bottom 96-well plates. At 24 h after seeding of the cells, 
the culture medium was removed and the cells were infected with viruses diluted 
in complete IMDM. The virus inocula were not washed off and the plates were 
incubated at 37°C until approximately 18 to 20 h postinfection. At this point, the 
cell culture medium was removed from the cells and the plates were immersed in 
10% neutral buffered formalin for 24 h to fix the cells and render virus noninfec-
tious prior to removal from the high-containment laboratories.

Prior to immunostaining for viral antigens, residual formalin was removed from 
the plates, and they were then rinsed extensively with phosphate-buffered saline 
(pH 7.4). The cells were permeabilized for 15 min with a solution of 0.1% (vol/
vol) Triton X-100 in PBS, and then the permeabilization buffer was rinsed away 
by additional PBS washes. The cells were blocked for at least 1 h using a 3% (wt/
vol) solution of bovine serum albumin in PBS. Purified monoclonal antibodies 
specific for RVFV N (R3-1D8) or CCHFV N (9D5-1-1A) were diluted 1:1,000 
in blocking buffer and then added to the cells for 1 h, followed by extensive wash-
ing with PBS. Anti-mouse immunoglobulin Alexa Fluor 568-labeled secondary 
antibody was diluted 1:2,000 in blocking buffer and then added to the cells for 1 
h, followed by extensive washing in PBS. The cells were then counterstained with 
a solution of Hoechst 33342 (nuclei) and HCS CellMask deep red stain (total 
cell), each of which was diluted 1:10,000 in PBS. This counterstain solution was 
maintained on the plates during high-content imaging.

Automated image acquisition was performed using an Operetta high-content 
imaging system. Three exposures (one for each of the fluorophores) in five separate 
fields were acquired in each well using a 20× air objective and a Peltier cooled 
1.3-megapixel charge-coupled-device camera. The fluorophores were illuminated 
using a 300-W xenon arc light source and excitation (EX) and emission (EM) filters 
for the following: Alexa Fluor 568 (EX/EM), Hoechst 33342 (EX/EM), and HCS 
CellMask deep red (EX/EM). Image segmentation and analysis were performed 
using Harmony (version 3.0) software and standard scripts. These algorithms were 
used to first delineate nuclear and cell boundaries and then identify viral antigens 
by Alexa Fluor 568 staining. To calculate percent infection per image field, the 
number of cells exhibiting an Alexa Fluor 568 mean fluorescence intensity greater 
than the mean intensity for uninfected control wells was divided by the total cell 
number defined by Hoechst 33342 nuclear staining. For each well, the Harmony 
software reported the mean percent infection of the five fields. On average, 1,500 
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to 5,000 cells were analyzed per well. In each independent experiment, at least 4 
individual wells were analyzed for each cell line.

Infections with VSVΔG-RFP pseudovirions or HSV-1 were carried out at a low 
volume for 1 h at 37°C, after which complete DMEM or IMDM was added to 
the wells. Twenty-four hours later, the cells were trypsinized, fixed in 2% para-
formaldehyde and then analyzed for RFP (for VSVΔG pseudovirions) or green 
fluorescent protein (GFP) (for HSV-1) expression by fluorescence-activated cell 
sorting (FACSCalibur flow cytometer; BD Biosciences). For infections in the 
presence of surfen (5 µM; Sigma), dextran sulfate (5 µg/ml, 5 kDa; Sigma), or 
heparinase I (3 U/ml; Sigma), cells were pretreated for 1 h and, in the case of 
surfen and dextran sulfate, kept in the presence of drug for the duration of the 
infection. For soluble GAG competition experiments, heparin (10 and 100 µg/
ml; Fisher BioReagents) and heparan sulfate (10 and 100 µg/ml; Iduron) were 
preincubated with HSV-1 or MP-12 at 25°C for 1 h. The virus and GAG solu-
tion was then allowed to adsorb onto cells for 1 h at 37°C, after which it was 
rinsed 3 times with PBS containing calcium and magnesium and cells were refed 
with fresh medium that did not contain either virus or GAGs. Infections were 
then harvested at 8 to 10 h postinfection (hpi), and percent infection was scored 
by flow cytometry, looking for either intracellular staining of the N protein (for 
MP-12) or expression of the GFP reporter protein (for HSV-1). For pseudovirion 
neutralization studies, RVFV and severe acute respiratory syndrome (SARS) coro-
navirus antisera (a generous gift from Stuart Nichol, Centers for Disease Control 
and Prevention) were preincubated with pseudovirions at the indicated dilutions 
for 30 min at 37°C. The linear range of the assay was determined by performing 
serial 10-fold dilutions of each virus stock on each target cell type and for each 
detection method used. Infection assays were typically linear over at least a 2-log-
unit range of virus dilutions, with the virus inoculum being adjusted to achieve 
infection levels of between 1 and 30%.

RVFV binding assay.
Virus was diluted in DMEM (Gibco) and added to Hap1 cells and the derived 
mutant cell lines for 1 h at 37°C. The cells were then washed four times with PBS, 
and total RNA was isolated from the cells using a Qiagen RNeasy minikit. RNA 
was quantified by measuring the absorbance at 260 nm, and first-strand cDNA was 
generated from 1.5 µg of total RNA using a SuperScript VILO cDNA synthesis kit 
(Invitrogen) according to the manufacturer’s instructions. Primers specific to the 
MP-12 L segment (forward L segment primer 5′-TGAGAATTCCTGAGACA-
CATGG-3′; reverse L segment primer 5′-ACTTCCTTGCATCATCTGATG-3′) 
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were purchased from Invitrogen, and a 6-carboxyfluorescein/MGB probe specific 
to the MP-12 L segment with the sequence 5′-CAATGTAAGGGGCCTGTGTG-
GACTTGTG-3′ was purchased from Applied Biosystems. Reverse transcription-
PCR (RT-PCR) was then performed using an ABI 7500 real-time PCR system 
(Applied Biosystems) with the following conditions: (i) denaturation at 95°C for 
20 s and (ii) 40 cycles of PCR amplification with denaturation at 95°C for 3 
s and annealing and extension at 60°C for 30 s. Data were analyzed using the 
ΔΔCT threshold cycle (CT) method by calculating the change in gene expression 
normalized to that of GAPDH (glyceraldehyde-3-phosphate dehydrogenase) as a 
housekeeping gene17.

Statistical analysis.
Statistical significance was calculated using a two-tailed, one-sample t test by com-
paring the fold changes to the hypothetical value of 1 in Prism software (version 
5.0a; GraphPad Software). P values were not reported for conditions where only 
two biological replicates were performed.

reSulTS 

An insertional mutagenesis screen for RVFV host factors in a human haploid cell line. 
To identify the host factors needed for RVFV infection, 1 × 108 Hap1 cells were 
mutagenized using a retroviral gene trap vector11. Subsequently, mutagenized 
cells were infected with the cytotoxic RVFV MP-12 strain and the surviving cells 
were expanded as a polyclonal cell population. Following isolation of genomic 
DNA, gene trap insertion sites were sequenced and aligned to the human ge-
nome. Subsequently, the retroviral insertions within genes in the virus-resistant 
population were counted and compared to the number of insertions within 
the same gene in an unselected cell population11. Genes significantly enriched 
(P < 0.001) for insertions in the virus-selected cell population were identified 
(Fig. 1A). These contain multiple genes encoding enzymes required for synthesis 
of glycosaminoglycans, including the four enzymes needed for the tetrasaccharide 
linkage region (XYLT2, B4GALT7, B3GAT3, and B3GALT6)18–23, two enzymes 
involved in proteoglycan chain elongation (EXT1 and EXT2)24, and the enzyme 
that catalyzes both N-deacetylation and N-sulfation during the biosynthesis of 
heparan sulfate (NDST1)25. Genes required for the synthesis (UXS1, UGDH) or 
transport (SLC35B2) of critical moieties for heparan sulfate chain formation26–28 
were also enriched in cells resistant to RVFV infection (Fig. 1A and  B). In addi-
tion to genes directly involved in heparan sulfate biosynthesis, several subunits of 
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the conserved oligomeric Golgi (COG) complex (COG1, COG2, COG3, COG4, 
COG5, COG7, COG8)29 were identified from the screen. It is known that per-
turbation of the COG complex attenuates O-linked glycosylation by impairing 
Golgi complex function29,30. Another hit in this screen encoded UNC50, a Golgi 
complex-resident transmembrane protein that plays a role in nicotinic acetylcho-
line receptor trafficking in Caenorhabditis elegans31. Finally, this screen identified 
the gene for prenyltransferase alpha subunit repeat containing 1 (PTAR1) to be 
important for RVFV infection. PTAR1 was previously shown to affect glycosyl-
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Figure 1. Human haploid mutagenesis screen for RVFV host factors. (A) Plot showing genes en-
riched in the virus-selected population compared with their levels in an unselected population. Each 
circle demarks a gene, with its y-axis coordinate representing the false discovery rate-corrected P value 
and its area reflecting the number of identified unique gene trap integrations. Genes that are signifi-
cantly enriched in the virus-selected population (P < 0.001) are colored and horizontally grouped on 
the basis of their function. (B) Overview of heparan sulfate synthesis. Genes involved in heparan sul-
fate synthesis that were significantly enriched in our RVFV screen are shown in parentheses.
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ation11, possibly by influencing vesicular trafficking through prenylation of Rab 
GTPases14,32. Although genes involved in vesicular trafficking could represent 
more direct interactions with RVFV, the overlap of these results with those from 
a screen performed for cell surface GAG expression11 suggests a function for these 
genes in the presentation of glycans at the cell surface.

GAGs are important for RVFV infection. 
Because the majority of genes identified in our screen pertained to GAG synthesis, 
we first focused on elucidating the role of GAGs during RVFV infection. We 
were able to obtain single-cell clones of gene-trapped B3GAT3 (B3GAT3GT) and 
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Figure 2. GAGs are important for RVFV infection. (A) Expression of the B3GAT3 and B4GALT7 
gene products is required for strain MP-12 infection. B3GAT3 and B4GALT7 gene-trapped (GT) 
HapI cells that stably express the empty vector (vector) or wild-type (WT) protein (rescue) were in-
fected with MP-12, and surviving cells were stained with crystal violet. (B) GAGs are important for 
diverse strains of RVFV. B3GAT3GT and B4GALT7GT HapI cells that stably express the empty vector 
(vector), the wild-type protein (rescue), or a catalytically inactive point mutant (mutant) were infect-
ed with the MP-12, ZH-501, Kenya 980052 (Kenya 1998), and Kenya 2007002444 (Kenya 2007) 
strains of RVFV, and the percentage of infected cells was normalized to the percentage of infected pa-
rental HapI cells. Bars indicate SEMs (n = 3 for MP-12, ZH-501, and Kenya 980052; n = 2 for Kenya 
2007002444). *, P < 0.005; **, P < 0.001.
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B4GALT7 (B4GALT7GT) and exposed these cells to the MP-12 strain of RVFV. 
As shown in Fig. 2A, these cells were markedly resistant to MP-12 infection. 
Importantly, reintroduction of the respective cDNAs completely restored sensitiv-
ity to virus infection, indicating that the observed resistance phenotype can be 
solely attributed to the gene-trapped loci (Fig. 2A). To determine whether the 
synthesis of the O-linked tetrasaccharide linker was required for RVFV infection, 
we produced a B3GAT3GT cell line stably expressing an enzymatically inactive 
point mutant of GlcAT-I (D194A/D195A)33. As with the B3GAT3GT cells stably 
expressing an empty vector construct, introduction of this enzymatically inactive 
form of GlcAT-I into B3GAT3GT cells did not rescue MP-12 infection (Fig. 2B). 
B4GALT7 encodes the β-1,4-galactosyltransferase GalT-I, which catalyzes the 
enzymatic step immediately upstream of the β-1,3-galactosyltransferase reaction 
in the synthesis of the GAG linker (Fig. 1B). As with the B3GAT3GT cell panel, 
MP-12 infection also required a catalytically active form of GalT-I (Fig. 2B), 
further suggesting that RVFV is dependent upon GAGs for efficient infection.

For some viruses, the requirement for GAGs for infection of cells in culture is 
a trait acquired during in vitro passaging, often leading to attenuation34–36. To 
determine whether this was the case with RVFV, we infected the B3GAT3GT and 
B4GALT7GT cell panels with three pathogenic strains of RVFV: ZH-501, Kenya 
9800523 (1998), and Kenya 2007002444 (2007). We found that infection by 
these primary RVFV strains was also strongly inhibited in cells lacking functional 
GlcAT-I and GalT-I. Infection was rescued by expression of the wild-type con-
struct but not the enzymatically inactive constructs (Fig. 2B). The dependence 
of primary RVFV strains upon these enzymes indicates that the requirement of 
GAGs for viral infection is not due to cell culture adaption or attenuation.

To further test the hypothesis that RVFV infection requires GAGs, we used 
various GAG perturbants. The small molecule surfen binds to negatively charged 
GAG species on the cell surface37. Infection of Hap1 cells in the presence of surfen 
led to a 10-fold reduction of MP-12 infection but not vesicular stomatitis virus 
(VSV) infection (Fig. 3A). Infection of the Hap1 cells by herpes simplex virus 1 
(HSV-1), which is known to utilize heparan sulfate for attachment, was decreased 
to levels close to background levels by the addition of surfen. Enzymatic removal 
of cellular heparan sulfate with heparinase also greatly attenuated MP-12 infec-
tion (Fig. 3A). Since GAGs are highly negatively charged, nonspecific electrostatic 
effects could facilitate the interaction between RVFV surface glycoproteins and 
cellular GAGs. To address this issue, we infected Hap1 cells in the presence of 
dextran sulfate, a biologically inert, negatively charged carbohydrate polymer. In 
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contrast to HSV-1, the presence of dextran sulfate had little impact on MP-12 
infection (Fig. 3A), suggesting that the interaction with cellular GAGs has some 
degree of specificity.

RVFV
MP-12

VSV

HSV-1

0

0.25

0.5

0.75

1

1.25

1.5

1.75

2

vector rescue mutant vector rescue mutant

Hantaan

Andes

CCHFV

fo
ld

 in
fe

ct
io

n 
of

 H
ap

1 
ce

lls

B3GAT3GT B4GALT7GT

fo
ld

 in
fe

ct
io

n 
of

 c
on

tro
l

surfen heparinase dextran sulfate

1.75

n.t.

1.5

1.25

1

0.75

0.5

0.25

0

*

****

**

** *

*

*

ns

nsns

ns

ns

ns

******

ns

ns

A

B

Figure 3. Perturbants of GAGs and the requirement of GAGs among bunyaviruses. (A) GAG 
perturbants reduce the MP-12 infectivity of HapI cells. HapI cells were pretreated with the small 
molecule surfen (5 µM), heparinase I (3 U/ml), or dextran sulfate (50 µg/ml) and infected with MP-
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treated with the vehicle control (dimethyl sulfoxide for surfen, PBS for heparinase I, and water for 
dextran sulfate). Bars indicate SEMs (n = 3). *, P < 0.005; **, P < 0.0001; ns, no significant difference; 
n.t., not tested. (B) Role of GAGs for various members of the Bunyaviridae family. B3GAT3GT and 
B4GALT7GT cells (see Fig. 2 legend) were infected with either Hantaan or Andes virus pseudovirions 
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Differential requirement for GAGs among Bunyaviridae family members.
To examine whether the interaction of RVFV with GAGs was unique among 
bunyaviruses, we infected the B3GAT3GT and B4GALT7GT cell panels with patho-
genic, replication-competent Crimean-Congo hemorrhagic fever virus (CCHFV) 
and VSV pseudovirions bearing the Andes or Hantaan virus glycoproteins. 
CCHFV is a member of the Nairovirus genus, and both Andes and Hantaan 
viruses are members of the Hantavirus genus, which are further subdivided into 
New World (Andes virus) and Old World (Hantaan virus) hantaviruses38,39. 
Interestingly, Hantaan virus pseudovirions required catalytically active GlcAT-I 
and GalT-I for efficient infection of Hap1 cells, while Andes virus pseudovirions 
did not (Fig. 3B). Infection with CCHFV was reduced 2-fold when B3GAT3 
or B4GALT7 were absent (Fig. 3B). Thus, the role of GAGs during infection by 
other members of the Bunyaviridae family varies.

RVFV utilizes at least one surfen-resistant cellular factor in vitro.
We next sought to characterize the role of GAGs during MP-12 infection of dif-
ferent cell lines using surfen as an inhibitor of GAG function. We observed that 
surfen inhibited MP-12 infection in SNB-19 cells, a glioblastoma cell line, but did 
not inhibit MP-12 infection in HEK 293T or mouse L cells, a mouse epithelium-
derived cell line (Fig. 4A), or in Vero cells (data not shown). As a positive control 
for surfen activity, infection by HSV-1 was strongly inhibited in all cells (Fig. 4A). 
As an alternative means of examining GAG utilization in L cells, we also tested 
MP-12 infection in sog9 cells, which are clonal isolates of L cells that are defective 
in the EXT1 gene40. EXT1 is responsible for polymerizing disaccharide subunits 
from the nascent tetrasaccharide linker and was identified in our screen as being 
important for RVFV infection of Hap1 cells (Fig. 1B). In contrast to infection 
by HSV-1, infection by MP-12 was unaffected by the loss of GAGs in sog9 cells 
(Fig. 4B). To further examine the variance of this GAG-dependent phenotype 
across cell types, we preincubated RVFV or HSV-1 with either heparin, heparan 
sulfate, chondroitin sulfate, or dextran sulfate for 1 h prior to infection of a panel 
of cell lines, including HEK 293T, A549, HeLa, Vero, and (with RVFV only) 
C6/36 cells, in addition to the Hap1 cells. Heparin and heparan sulfate inhibited 
infection of both RVFV and HSV-1 on HEK 293T, A549, Hap1, and HeLa cells 
by at least 2-fold but not on Vero cells, an African green monkey cell line, or of 
C6/36 cells, an Aedes albopictus cell line (Fig. 4C). Similar results were obtained 
with dextran sulfate, whereas preincubation with chondroitin sulfate had only 
a very modest effect on the four human cell lines and no effect on the Vero and 
C6/36 cells (data not shown). Since the composition of GAGs varies between cell 
types, this suggests that the GAG species that facilitate RVFV infection may not 
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be ubiquitously expressed. Alternatively, as is the case with HSV-1, another entry 
factor may also be able to compensate for the lack of GAGs on some cell types41. 
An endocytosis-mediating receptor(s) for RVFV has not been identified, and these 
data suggest that multiple entry factors are likely involved in RVFV infection and 
that their relative importance may vary between cell types.
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GAGs are important for RVFV entry and binding.
Based on the results of the blocking experiments with surfen and the fact that 
many viruses utilize GAGs for cellular attachment, we hypothesized that GAGs 
facilitate efficient entry by enhancing binding of RVFV to Hap1 cells. To examine 
this, we took advantage of the VSV pseudovirion system that has been successfully 
employed for other members of the Bunyaviridae family16. The RVFV surface 
glycoproteins GN and GC are provided in trans to replication-incompetent vesicu-
lar stomatitis virus lacking its glycoprotein (VSVΔG). To validate the antigenic 
specificity of RVFV pseudovirions, we pretreated RVFV pseudovirions with an 
antiserum against RVFV or the severe acute respiratory syndrome (SARS) virus. 
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Figure 5. Cellular GAGs are important for RVFV entry. (A) Validation of RVFV pseudovirions. 
RVFV and VSV pseudovirions were preincubated with antiserum against either RVFV or the SARS 
virus before infection of Vero E6 cells. Infection values are normalized to the viral inoculum used with 
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wild-type protein, or a catalytically inactive point mutant were infected with either RVFV or VSV 
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cells rescued with each protein. Bars indicate SEMs (n = 3). *, P < 0.01; **, P < 0.005; ns, no significant 
difference.



Chapter 4

100

Infection by RVFV pseudovirions but not those bearing the VSV G protein was 
inhibited in the presence of the RVFV antisera (Fig. 5A). Infection by RVFV pseu-
dovirions was also sensitive to lysosomotropic agents (data not shown), consistent 
with the requirement for acidic endosomal pH for infection with RVFV and other 
members of the Bunyaviridae family42–45. We then infected the B3GAT3GT and 
B4GALT7GT cell panels with both RVFV and VSV pseudovirions that express red 
fluorescent protein (RFP). As with replication-competent RVFV, infection with 
RVFV pseudovirions required catalytically active GlcAT-I and GalT-I (Fig. 5B). 
In contrast, infection with pseudovirions bearing the VSV G protein was relatively 
unaffected, thus directly implicating GAGs in RVFV entry.

To measure RVFV virion binding, we employed a quantitative reverse transcrip-
tion-PCR (qRT-PCR) assay that detects RVFV L gene copies. We first confirmed 
the linear range of our assay by diluting MP-12 on Hap1 cells and measuring 
relative MP-12 binding and found that virus binding increased linearly with virus 
input over a 3-log-unit range (data not shown). When this assay was applied to the 
B3GAT3GT and B4GALT7GT cell panels, MP-12 binding strongly correlated with 
the presence of catalytically active GlcAT-I and GalT-I (Fig. 6). To confirm the 
role of GAGs in facilitating RVFV binding, we also measured the effect of surfen 
on RVFV binding. Consistent with its role in infection, surfen also blocked RVFV 
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Figure 6. Cellular GAGs are important for RVFV binding. B3GAT3GT and B4GALT7GT HapI cells 
that stably express the empty vector, the wild-type protein, or a catalytically inactive point mutant 
were incubated with MP-12 for 1 h at 37°C, and the amount of cell-associated MP-12 was normalized 
to the number of wild-type cells rescued with each protein. The amount of cell-associated MP-12 on 
wild-type HapI cells was also measured in the presence of dimethyl sulfoxide or surfen and normal-
ized to that for dimethyl sulfoxide-treated samples. Bars indicate SEMs (n = 5 for HapI gene-trapped 
mutant cells, n = 3 for surfen-treated cells). *, P < 0.05; **, P < 0.001; ns, no significant difference.
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binding to a similar degree (Fig. 6). Taking these data together, we conclude that 
the deficiency in RVFV infection in the absence of GAGs is due to a defect at the 
level of virion attachment.

PTAR1 deficiency attenuates heparan sulfate expression and confers resistance to RVFV 
infection.
Hap1 cells lacking a functional PTAR114 were largely resistant to RVFV infection, 
and this phenotype could be corrected by reintroduction of wild-type PTAR1 
cDNA (Fig. 7A), indicating that the virus resistance phenotype was caused by 
the loss of PTAR1. In line with previous observations11,14, PTAR1-deficient cells 
showed a marked decrease in cell surface heparan sulfate abundance, as measured 
by flow cytometry (Fig. 7B). Similar to the virus resistance phenotype, heparan 
sulfate deficiency, too, could be corrected by complementation with wild-type 
PTAR1 cDNA (Fig. 7A and B). Considering the requirement of heparan sulfate 
for RVFV infection, it seems plausible that improper presentation of heparan 
sulfate at the cell surface is responsible for the observed virus resistance of 
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Figure 7. The loss of PTAR1 renders cells resistant to RVFV infection and leads to decreased 
heparan sulfate levels on the cell surface. (A) Infection of wild-type and PTAR1 mutant (PTAR1mut) 
cells with MP-12. Surviving cells were visualized by crystal violet staining. (B) Flow cytometric analysis 
of heparan sulfate (HS) levels, using a specific antibody (10E4), on the surfaces of nonpermeabilized 
wild-type cells, PTAR1 mutant cells, and PTAR1 mutant cells complemented with either an empty 
vector or PTAR1 cDNA. The percentage of cells above and below a signal threshold (horizontal line) 
is indicated. In line with previous observations11, 14, the loss of PTAR1 reduces the levels of heparan 
sulfate present on the cell surface, and these levels can be corrected by introduction of PTAR1 cDNA.
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PTAR1-deficient cells. Thus, our screen has identified host factors required for 
RVFV infection. These factors are involved in various steps of the heparan sulfate 
biosynthesis pathway and include PTAR1, which constitutes a novel RVFV host 
factor affecting heparan sulfate biogenesis.

dISCuSSIon

Cell surface carbohydrates can affect virus entry at the stage of virion attach-
ment, but the importance of this interaction varies among viruses and cells. For 
example, sialic acid is thought to be sufficient for influenza virus attachment and 
entry, while the role of GAGs during HSV-1 entry is more complex41,46,47. The 
herpesviruses are thought to first engage heparan sulfate on the surface of cells 
before engaging specific receptors48. Heparan sulfate greatly facilitates HSV-1 at-
tachment and infection under many conditions but is not essential for infection in 
all contexts41,49. For example, CHO cell mutants deficient in GAG synthesis can 
be rendered permissive by expressing either of the HSV-1 entry receptors nectin-1 
(PVRL1) or HVEM (TNFRSF14)50. The expression levels of viral receptors can 
therefore determine whether GAGs are required for efficient viral entry.

The cellular receptor(s) for RVFV is currently not known, and since a nonpermis-
sive cell line is yet to be described, it is possible that more than one molecule 
may serve as a receptor for RVFV. The C-type lectin DC-SIGN has been shown 
to promote the binding and internalization of RVFV on dermal dendritic cells, 
although this protein is not expressed in most of the tissues which the virus has 
been shown to infect51. A genome-wide RNA interference screen performed by 
Hopkins and colleagues did not identify glycosaminoglycans among their list of 
genes that impacted RVFV infection52. We have shown that several perturbations 
of GAGs inhibited RVFV entry and attachment on some cell types, but the relative 
contribution of other RVFV entry factors remains unknown. Because we observed 
differential sensitivities of RVFV to surfen, it is possible that the requirement for 
GAGs across cell types is a function of the relative expression levels of an unchar-
acterized RVFV receptor(s), GAG structures to which surfen binds inefficiently, 
or unidentified attachment factors. Indeed, the composition of cellular GAGs 
between cells is highly variable53. While heparan sulfate is the best-studied variant, 
there are at least four other species, each consisting of a unique disaccharide unit. 
Several enzymes are involved in modifying the different glycan side chains fol-
lowing polymerization. For example, HSV-1 interacts with 3-O-sulfated heparan 
sulfate, which is catalyzed by the 3-O-sulfotransferase family of enzymes49. Our 
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data suggest that RVFV may require a specific enzymatic variant of a GAG species 
or cellular proteoglycan. Further work is needed to elucidate the role of specific 
GAG-modifying enzymes and cellular glycoproteins during RVFV infection.

Heparan sulfate has previously been implicated as playing a role in RVFV infec-
tion. A study by de Boer et al. employed a replication-incompetent virus-like 
particle (VLP) system and found that CHO cells with genetic deficiencies in GAG 
synthesis were highly resistant, though not immune, to RVFV infection13. This 
is in line with our observation that Hap1 cells incapable of producing GAGs 
are approximately 10-fold more refractory to RVFV infection than their parental 
(wild-type) Hap1 cells. Infection by Toscana virus, another member of the genus 
Phlebovirus of the family Bunyaviridae, has been shown to be inhibited by bovine 
lactoferrin through competition for GAGs on the cell surface54. These results and 
our finding that the importance of GAGs and heparan sulfate for RVFV infec-
tion exhibited cell type dependence suggest that these molecules serve as virus 
attachment factors that can enhance but that are not absolutely required for virus 
infection and therefore do not represent indispensable viral receptors.

By employing RVFV-VSVΔG pseudovirions and an RVFV binding assay, we 
definitively linked GAGs to RVFV entry and, more specifically, to virus binding. 
It remains to be determined whether the impact of heparan sulfate on RVFV 
infection of some cell types reflects the inefficiencies of cell-free virus attachment 
in vitro or whether these interactions are important in vivo as well, though the fact 
that primary RVFV strains behaved similarly to the MP-12 vaccine strain shows 
that these interactions are not the result of in vitro virus adaptation. Interestingly, 
the tissue tropism of adeno-associated virus 2 (AAV2) to the liver and kidney, 
organs in which RVFV also establishes productive infection, is exquisitely linked 
to interactions with GAGs55–58. Infections with RVFV in pregnant livestock are 
especially devastating, and pathological studies of infected pregnant livestock 
reported extremely high virus titers in the placenta, an organ whose cells express 
high levels of surface GAGs59,60. Interactions with placental GAGs may explain 
the mechanism by which RVFV localizes to the placenta from the bloodstream.

The haploid genetic screen utilized here identified multiple genes involved in GAG 
synthesis or transport, including PTAR1. Whereas we cannot formally exclude 
the possibility that PTAR1 affects virus susceptibility by other means, it is most 
likely also involved in mediating GAG-dependent viral entry. Cells deficient for 
PTAR1 displayed decreased levels of heparan sulfate at their cell surface, which 
is in agreement with the observations obtained with cells with PTAR1 mutations 
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in previous genetic screens11,14. Additional experiments examining the precise role 
of PTAR1 in heparan sulfate biogenesis and trafficking are needed to shed light 
on the mechanism of PTAR1-dependent RVFV infection. Finally, the ability of 
this screening approach to identify additional host factors that are important for 
RVFV infection may be enhanced by employing cell types where virus attachment 
occurs in a GAG-independent manner.

The interaction of primary pathogenic RVFV isolates with GAGs suggests that 
this interaction might be an attractive pharmacological target in humans or 
other animals. Heparan sulfate has indeed been shown to be important in hu-
man papillomavirus infection of mouse female genital tracts61, and administering 
anti-heparan sulfate peptides as a prophylactic eye drop was shown to inhibit the 
spread of HSV-1 in the mouse cornea62,63. Although we need to further charac-
terize the exact role of GAGs during RVFV infection in vitro and in vivo, our 
current study suggests that disruption of virus-GAG interactions could be a viable 
antiviral therapy or prophylactic measure.
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Although the genes essential for life have been identified in less complex 
model organisms, their elucidation in human cells has been hindered 
by technical barriers. We use extensive mutagenesis in haploid human 
cells to identify approximately 2,000 genes required for optimal fitness 
under culture conditions. To study the principles of genetic interac-
tions in human cells we created a synthetic lethality network focused on 
the secretory pathway based exclusively on mutations. This revealed a 
genetic crosstalk governing Golgi homeostasis, an additional subunit of 
the human oligosaccharyltransferase complex, and a Phosphatidylino-
sitol 4-Kinase Beta adaptor hijacked by viruses. The synthetic lethality 
map parallels observations made in yeast and projects a route forward 
to reveal genetic networks in diverse aspects of human cell biology.
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Single cell organisms can tolerate inactivating mutations in the majority of 
genes1–3, but it is unclear whether human cells require more essential genes due to 
increased complexity, or fewer, due to added redundancy. To study this we used 
mutagenesis in the near-haploid chronic myeloid leukemia (CML) cell line KBM7 
(karyotype 25, XY, +8, Ph+), and its non-hematopoietic derivative HAP1 which is 
haploid for all chromosomes (fig. S1A)4. More than 34.3 million and 65.9 million 
gene-trap integrations were identified in KBM7 and HAP1 cells, respectively. The 
employed gene-trap vector was unidirectional by design (fig. S1B) and for most 
genes the number of intronic integrations in the sense direction was similar to that 
in the antisense direction (e.g., pro-apoptotic factor BBC3) (Fig. 1, A and B)5–7. 

Figure 1. Identification of genes required for fitness in KBM7 and HAP1 cells through inser-
tional mutagenesis. (A) Unique gene-trap insertions were mapped in KBM7 and HAP1 cells, and 
their orientation relative to the affected genes was counted. Per gene the percentage of sense orienta-
tion gene-trap insertions (Y-axis) and the total number of insertions in a particular gene (X-axis) are 
plotted. (B) Gene-trap insertions identified in the sense (S, yellow) or antisense orientation (AS, blue) 
in a non-essential gene (BBC3), a gene essential only in KBM7 cells (STAT5B), and a gene essential in 
both cell lines (RPL13A). (C) KEGG pathway enrichment analysis of essential genes shared between or 
unique to KBM7 or HAP1 cells. (D) Properties of ‘new’ and ‘old’ essential genes compared to the hu-
man genome. Averages for the sets are displayed, except for protein abundance where median emPAI 
values are shown.
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For a fraction of genes, however, disruptive mutations were underrepresented, 
indicative of impaired fitness: some genes (e.g., STAT5B) appeared essential in 
one cell type (fig. S1C), whereas others in both (such as RPL13A) (Fig. 1, A and 
B, and tables S1 to S3). 

2,054 genes in KBM7 cells (table S1 and figs. S2 and S3) and 2,181 genes in 
HAP1 (table S2 and figs. S2 and S3) appeared to be needed for viability or optimal 
fitness under the experimental growth conditions (referred to as ‘essential’ although 
the approach does not distinguish between the two). The 1,734 genes identified 
in both cell lines were designated as ‘core essentialome’ (table S3). Importantly in 
KBM7 cells, genes on chromosome 8 (present in two copies) tolerated disruptive 
mutations, underscoring the specificity of the approach (fig. S1D). Furthermore 
nearly all subunits of the proteasome were identified as essential (fig. S4). In 
general, essential genes are overrepresented in categories such as translation or 
transcription but not signaling (Fig. 1C and figs. S5 and S6). Many genes required 
for fitness in yeast were also essential in human cells. Exceptions were largely 
explained by paralogs in the human genome or by yeast-specific requirements 
(fig. S7A and table S4) (1). We estimated the evolutionary age of essential genes 
and found that 77% emerged in pre-metazoans (‘old’ essential genes) (fig. S7B). 
Essential genes had fewer paralogs and higher protein abundance and contained 
fewer single nucleotide polymorphisms (SNPs) predicted to impair function 
(Fig. 1D). Proteins encoded by essential genes displayed more protein-protein 
interactions (fig. S8, A to D) and these occurred more frequently with other es-
sential proteins (49.8%) (fig. S9A) and within the same functional category (fig. 
S5B). Remarkably, the products of new essential genes are more often connected 
with old rather than other new essential gene products, suggesting that they largely 
function within ancient molecular machineries (fig. S9, B and C). 

To identify proteins interacting with products of 18 uncharacterized essential 
genes we used tandem affinity purification coupled to mass spectrometry (fig. 
S10). Interactors were frequently essential proteins (52.4%, P < 2.5E-36, hyper-
geometric test) involved in processes like splicing, translation, and trafficking (fig. 
S11 and table S5). The small transmembrane protein TMEM258 associated with 
components of the conserved oligosacharyltransferase (OST) complex (Fig. 2A 
and fig. S12A) essential for protein N-glycosylation8. TMEM258 localized to the 
endoplasmic reticulum (fig. S12B) and depletion (fig. S12, C and D) impaired 
OST catalytic activity as monitored by hypoglycosylation of prosaposin (Fig. 2B)9. 
This also rationalizes the observed clustering of TMEM258 with OST complex 
subunits in a recent genetic screen10. Thus, TMEM258 constitutes a subunit of 
the human OST complex and although homology searches (fig. S12E) do not 
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identify a yeast ortholog, TMEM258 may relate to the similarly sized yeast trans-
membrane protein OST511. 

Whereas most genes appear nonessential, their function may be buffered by 
other genes such that only simultaneous disruption is lethal12–15. The frequency of 
such synthetic lethal interactions between human genes is debated and challeng-
ing to address experimentally16,17. We studied the small guanosine triphosphatases 
(GTPases) RAB1A and RAB1B, by creating individual knockout lines and assessing 
the genes needed for fitness in these backgrounds (Fig. 3A and fig. S13A). Whereas 
neither RAB1A nor RAB1B were essential in wild-type cells, RAB1A became in-
dispensable in RAB1B knockout cells and vice versa (Fig. 3A and fig S13B). To 
explore the breadth of synthetic lethality we probed the secretory pathway using 
three independent knockout cell lines (fig. S14) for RAB1A, RAB1B, GOSR1 (a 
subunit of the Golgi SNAP receptor),18 and TMEM165 (a Golgi-resident Ca2+/
H+ antiporter whose deficiency impairs glycosylation)19 (Fig. 3B, figs. S15 and 
S16, and table S6). Most of their genetic interactions impinged on the secretory 
pathway (Fig. 3B and table S7) and many were found synthetic lethal with PTAR1. 
Synthetic lethality screens in PTAR1 deficient cells confirmed these genetic inter-

Figure 2. The essential gene TMEM258 encodes a component of the OST complex. (A) High-
confidence protein-protein interactions associated with TMEM258. Green proteins indicate members 
of the oligosaccharyltransferase (OST) complex. Dashed lines indicate the OST complex subnetwork. 
(B) Effects of depletion of TMEM258 with siRNAs on the glycosylation of endogenous prosaposin. 
Cells were pulsed with 35S-methionine/cysteine, lysed and subjected to immunoprecipitation using 
anti-prosaposin antibodies. Precipitated proteins were detected by phosphorimaging and hypoglyco-
sylated prosaposin species are indicated. Tunicamycin treatment and depletion of the established OST 
subunit DDOST served as positive controls.
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actions and additionally identified the uncharacterized gene C10orf76 (Fig. 3B 
and fig. S17A). Validation using C10orf76 as query gene confirmed synthetic 
lethality with PTAR1, and (reciprocally) identified TSSC1, which was recently 
reported to interact with the Golgi associated retrograde protein complex (GARP) 
(Fig. 3B)20. The human genes we studied display on average ~20 synthetic lethal 
interactions, a number comparable to that in yeast12, although this varies between 
genes, with PTAR1 (causing a fitness defect when deleted alone) having close to 
60 interactions (fig. S17B). This illustrates that synthetic lethal interactions can 
be identified and validated using reciprocal haploid screens and that, similar to 

Figure 3. Synthetic lethality network generated based on mutations. (A) Essentiality of RAB1A 
and RAB1B in wild-type HAP1 cells and cells deficient for RAB1A or RAB1B. (B) Genetic interaction 
network indicating synthetic lethal/sick interactions that were identified by scoring genes for fitness 
reduction in three nuclease-generated knockout clones per genotype. This revealed an interconnected 
network with many genes that could be functionally assigned to the secretory pathway (labeled in 
green). Reciprocal interactions, scored in either query genotype, are indicated by red edges. Edge thick-
ness reflects the effect size of the interaction (compared to wild-type cells).
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yeast, interactions frequently occur between genes whose products act in related 
processes (fig. S17B)13,16. However, we acknowledge a caveat that this approach 
cannot readily distinguish between synthetic lethal or synthetic ‘sick’ interactions. 

The impaired growth of PTAR1-deficient cells (table S2) was suppressed by 
loss of the Golgi factor GOLGA5 (21) (Fig. 4A and fig. S18). PTAR1-deficient 
cells had an abnormally dilated Golgi morphology (fig. S19A) which was 
partially corrected by co-deletion of GOLGA5 (Fig. 4B and fig. S19B). Func-
tionally, PTAR1-deficiency impaired glycosylation (fig. S19C)7, possibly due to 
dysregulation of RAB proteins22. Indeed PTAR1-deficient cells showed attenuated 
geranylgeranylation of RAB1A and RAB1B (fig. S19D). Partial correction of the 
Golgi morphology in cells lacking both PTAR1 and GOLGA5 could relate to the 
effect of GOLGA5, itself a RAB effector, on Golgi fragmentation21,23. Thus, the 
interaction map reveals PTAR1 and GOLGA5 as opposing handles tuning Golgi 
morphology and homeostasis. 

Genetic analysis suggested a link between the unstudied gene C10orf76 and 
PI4KB which were both synthetic lethal with PTAR1 (Fig. 3B). A host factor screen 
using coxsackievirus A10 also identified C10orf76 as well as PI4KB (fig. S20, A 
and B) and a proteomics survey24 suggested association between C10orf76 and 
PI4KB. We confirmed this interaction in immunoprecipitation experiments with 
cells expressing FLAG-tagged C10orf76 (Fig. 4C). PI4KB regulates abundance of 
phosphatidylinositol 4-phosphate [PI(4)P]25 and has a role in genome replication 
of various RNA viruses including coxsackieviruses26. Infection studies confirmed 
that C10orf76 knockout cells were particularly resistant to coxsackievirus A10 
(fig. S20C). Although virus entry occurred normally, replication of viral RNA 
was decreased in C10orf76 knockout cells (Fig. 4D and fig. S20D). Enteroviruses 
hijack PI4KB activity to construct ‘replication factories’ which were abundant 
in wild-type cells but rare in C10orf76-deficient cells (fig. S20E). Amounts of 
PI(4)P were decreased in these cells and Golgi retention of PI4KB after chemi-
cal inhibition27 was largely dependent on C10orf76, which also localized to this 
compartment under these conditions (fig. S21, A and B). Thus, C10orf76 is a 
PI4KB-associated factor hijacked by specific picornaviruses for replication. 

This study identifies approximately 2,000 genes required for optimal fitness of 
cultured haploid human cells. Despite technical limitations, the identification of 
gene essentiality shows high concordance with the gene-trap and CRISPR data 
reported in the accompanying manuscript of Wang et al. (supplementary text 
and fig. S22). This suggests that the increase in total number of genes in humans 
as compared to that in yeast yielded a system of higher complexity rather than 
more robustness through added redundancy. Nonessential human genes appear 
to frequently engage in synthetic lethal interactions. Our studies start to reveal 
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an interconnected module of genetic interactions affecting the secretory pathway 
and link it to uncharacterized genes. The experimental strategy is applicable to 
various cellular processes and may help unravel the genetic network encoding a 
human cell.
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Figure 4. Roles of PTAR1 and C10orf76 in Golgi homeostasis and virus replication. (A) A bias for 
sense-orientation integrations in GOLGA5 observed in PTAR1-deficient HAP1 cells but not wildtype 
cells. (B) Electron micrographs of the Golgi apparatus (orange highlight) in the indicated genotypes. 
(C) Interaction of Flag-tagged C10orf76 with PI4KB in HAP1 cells detected by immunoprecipitation 
using anti-Flag antibodies. (D) Coxsackievirus A10 amplification in wild-type and C10orf76-deficient 
cells measured by single molecule fluorescent in situ hybridization (smFISH) to localize individual 
viral genomes (red). Intracellular viral RNA was first detected after 30 min. Increased RNA signal after 
300 min indicates RNA replication.
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Note: Supplementary tables can be found online at the website of Science accompany-
ing the published article. Supplementary table legends are included in the addendum 
to Chapter 5.
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MaTerIalS and MeTHodS

Cells
HAP1 cells and KBM7 cells were cultured in IMDM supplemented with 10% fetal 
calf serum (FCS, Thermo Scientific, HyClone cat. SV30160.03, lot. RWB35889), 
penicillin–streptomycin and L-glutamine. HeLa cells and HEK-293T cells were 
grown in DMEM supplemented with 10% FCS, penicillin–streptomycin and 
L-glutamine. HAP1 cells and KBM7 cells were used for the identification of es-
sential genes, and HAP1 cells and knockout derivatives were used for follow-up 
experiments. HeLa cells were used for follow-up experiments. HEK293 Flip-In T-
Rex cells were used for the inducible expression of tagged proteins to be analyzed 
for interacting factors by tandem affinity purification mass spectrometry. 

Haploid Genetic Screen to identify essential genes
Gene-trap retrovirus required for the mutagenesis of HAP1 cells was produced 
in HEK293T cells using the gene-trap vector described previously7 and a similar 
gene-trap retrovirus was used in which green fluorescent protein (GFP) was 
exchanged for blue fluorescent protein (BFP). Cells were seeded in 12 T175 
flasks at 40% confluence. The next day the medium was replaced with DMEM 
supplemented with 30% fetal calf serum (FCS) prior to transfection with 6.6 μg 
gene-trap plasmid per T175 flask, in combination with the packaging plasmids 
Gag-pol, VSVg, and pAdv (6). The medium was harvested 48 hours post transfec-
tion and subsequently concentrated by ultracentrifugation at 21,000 rpm for 2 
hours at 4°C. The supernatant was discarded and the pellets were resuspended 
in 200 uL phosphate buffered saline (PBS, Life technologies) overnight at 4°C. 
Retrovirus-containing medium was collected and concentrated twice daily for 
three consecutive days.

To generate a mutagenized HAP1 cell population, 40 million HAP1 cells were 
seeded and transduced with gene-trap retrovirus from two combined harvests on 
three consecutive days in the presence of 8 μg/mL protamine sulfate (Sigma). The 
mutagenized library was subsequently expanded and passaged for a period of 10 
days after mutagenesis while maintaining at least 3-fold library complexity.

The non-adherent KBM7 cells (40 million cells) were similarly transduced 
with gene-trap retrovirus on three consecutive days in the presence on 8 μg/mL 
protamine sulfate. Following each addition of the retrovirus, cells were seeded in 
a 6-well plate and centrifuged for 1.5 hours at 2,200 rpm at room temperature. 
Following mutagenesis, KBM7 cells were passaged at cell densities between 1.106 
and 8.106 cells/mL while maintaining at least 3-fold complexity. 
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After passaging, at least 6.108 cells were fixed using BD fix buffer I (BD biosci-
ences) for 10 minutes at 37°C. Following a wash with PBS containing 10% FCS 
cells were filtered through a 40 µm strainer (BD FalconTM). In order to minimize 
potential confounding effects of diploid cells which are heterozygous for alleles 
carrying gene-trap integrations, DNA content was stained using either 3 µM 
4’,6-diamidino-2-phenylindole (DAPI) or 10 μg/mL propidium iodide (Life 
Technologies) solution. In the latter case, cells were also treated with 100 μg/mL 
RNAse A (Qiagen) at room temperature for 30 minutes. Subsequently, cells were 
sorted on either a Biorad S3 Cell sorter (PI-stained DNA) or an Astrios Moflo 
(DAPI stained DNA content) based on DNA content (1n) until approximately 
30 million cells were collected. 

Sorted cells were pelleted by centrifugation (2,500 rpm 10 min.) and genomic 
DNA was isolated using Qiagen DNA mini kit. To facilitate de-crosslinking pel-
lets were resuspended in PBS (200 µL/10 million cells) and after the addition 
of Proteinase K (Qiagen) and lysis buffer (buffer AL, Qiagen) incubated over-
night at 56°C with agitation. The following day DNA was isolated according to 
manufacturer’s specifications and measured by Nanodrop2000 spectrophotometer 
(Thermo fisher).

Insertion site mapping
Insertion sites were amplified using a Linear AMplificaction polymerase chain 
reaction (LAM-PCR) using the total genomic DNA isolated from 30 million 
haploid cells (1-2 μg/reaction), with each 50 uL reaction (rxn) containing 1 
mM MgSO4, 0.75 pmol double-biotinylated primer (5’-/double biotin/ggtctc-
caaatctcggtggaac-3’), Accuprime Taq HiFi (0.4 μL/rxn) and the supplied buffer II 
(Life technologies). The reaction was performed in 120 cycles with an annealing 
temperature of 58°C for 30 seconds and an extension temperature of 68°C for 60 
seconds. To capture biotinylated single-stranded DNA (ssDNA) products, PCR 
reactions were combined with M270 streptavidin-coated magnetic beads (Life 
technologies) in 2x binding buffer (6 M LiCl, 10 mM Tris, 1 mM EDTA, pH=7.5) 
for 2 hours at room temperature and subsequently captured using a magnet. Prior 
to binding, the beads were washed once in PBS-containing 0.1% bovine serum 
albumin (BSA) in 1.5 mL non-stick tubes (Life technologies). Following magnetic 
precipitation, beads were washed three times with PBS containing 0.05% Triton 
X-100 (Sigma) prior to linker ligation. 

A ssDNA linker (5’/phospho/atcgtatgccgtcttctgcttgactcagtagttgtgcgatggatt-
gatg/dideoxy cytidine/3’) was ligated to the 3’ end of biotinylated products in 
N x 10uL reactions containing 2.5 mM MnCl2, 1 M betaine, 12.5 pmol linker, 
1 μL and 0.5 μL of Circligase II (Illumina) buffer and enzyme respectively, with 
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N = number of LAM-PCR reactions. Alternatively, a pre-adenylated linker (5’-/
Adenyl/atcgtatgccgtcttctgcttgactcagtagttgtgcgatggattgatg/dideoxy cytidine/-3’) 
was ligated to the single stranded amplified DNA product using E. coli-purified 
TS2126 thermostable RNA ligase 1 from Thermus scotoductus bacteriophage 
(32) patent WO 2010/094040 A1) in N x 10μL reactions containing 12.5 pmol 
adenylated-linker, 18.75% PEG6000, 2.5 μg BSA, 2.5 mM MnCl2, 1 uL buffer 
(500 mM MOPS, 100 mM KCl, 50 mM MgCl2, 10 mM dithiothreitol (DTT)), 
and 2 ug RNA ligase. All ligation reactions occurred at 60°C for 2 hours in non-
stick 1.5 mL tubes (Life technologies) and were followed by three washes with 
PBS with 0.05% Triton X-100 (Sigma) after 20 minutes incubation at room 
temperature. Subsequently, a PCR reaction was performed that introduced the 
adaptors sequences required for Illumina sequencing (P5 and P7) N x 50μL reac-
tions containing 25pmol of each primer, 5 μL buffer II and 0.6 μL Accuprime Taq 
HiFi (Life technologies) with N = 0.5 X No. of LAM-PCR reactions). 

This final amplification was carried out using 18 cycles and an annealing tem-
perature of 55°C for 30s followed by an extension (at 68°C) for 105 s using prim-
ers: 5′-aatgatacggcgaccaccgagatctgatg gttctctagcttgcc-3′ and 5′- caagcagaagacg-
gcatacga-3′. Products were purified (PCR purification kit, Qiagen) and sequenced 
as 51bp or 65bp single-reads (18 picomolar loading concentration) on an Illu-
mina HiSeq2000 (Illumina) or HiSeq2500 (Illumina) using sequencing primer 
5′-ctagcttgccaaacctacaggtggggtctttca-3′. 

Insertion sites were defined by aligning reads to the human genome (hg19) 
using bowtie (33) and selecting for reads that uniquely align allowing for a single 
mismatch. On average, ±16 million insertion sites were mapped per experiment 
albeit with some variation (table S8).

Sequencing data processing and mapping of insertions to genes
All protein coding transcripts from Ensembl 72 that have identical annotations 
in Ensembl and VEGA34 (aka gold transcripts) that do not undergo nonsense-
mediated decay were tested for the enrichment of antisense trap insertions. For 
each such transcript, sense and antisense insertions in its pre-mRNA region exclud-
ing the 3’-UTR and all exon segments were counted. Importantly, we excluded 
from the analysis any insertions that are located in genomic regions where two or 
more genes on the same or opposite strand overlap, as the insertion bias in these 
overlapping regions cannot be attributed to a single gene in a straightforward way. 
For the purpose of essential genes selection, for each gene we considered only one 
gold transcript, either the one with most significant depletion of sense insertions 
or if none of the golden transcripts was depleted for sense insertions then the 
transcript with largest number of insertions was considered. For the synthetic 
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lethality analysis, all gold transcripts were considered. Graphics depicting gene-
specific insertion patterns were produced by plotting the genomic coordinates of 
all insertion sites falling within the transcript coordinates. All insertion sites were 
assigned a random but unique Y-coordinate, and subsequently the x-axis replaced 
with a scaled illustration of the gene.

Identification of essential genes
Data from three independent experiments (replicates) for KBM7 cells and four 
experiments for HAP1 cells were used to select significant fitness-reducing genes in 
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Parameters a, r, λ are learnt by maximizing L (a, r, λ), which was done in R with 
the function nlm. For each pair of replicates k ∈ {1;…;n} we obtain a set of param-
eters ak, rk, λk and hence a slightly different function σk(x). An average function 
σk(x)= 1  Σk σk(x)n  is obtained with a = 1  Σk akn  (by setting x ➝ + ∞),r = 1  Σk rkn  
(by setting x = 0, and λ=–ln (

1

 Σkrke–λk )+ln(r)n  (by setting x = 1). In the case 
of KBM7 cells, three replicates were available, i.e. n = 3, and fig. S2C features 
the three corresponding noise functions σk(x) as well as the average. In the case 
of HAP1 cells, four replicates could be combined in six pairs, fig. S2D. The two 
average KBM7 and HAP1 σ (x), which were computed and used separately, are 
compared in fig. S2E.
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Having this model for ratio differences, and following ideas we already exploited 
for quantitative mass spectrometry data35 we derived a statistical test for individual 
gene ratios. We have Var(di) = Var(ri,1 – ri,2) = Var(ri,1) + Var(ri,2) = 2Var(ri,1) = σ2(xi) 
if we assume the biological replicates to be independent experiments. Therefore,  
Var(ri,1)= σ2(xi)/2 and each ratio can be associated with a P-value computed from 
a normal distribution with mean 0.5 and variance equal to σ2(xi)/2. These P-values 
where multiple hypothesis corrected according to Benjamini-Hochberg procedure 
(FDR). Compared to a less conservative binomial test that would assume 0.5 
probability of insertion in each orientation, this approach takes into account 
experimental variability and logically results in a more stringent selection, fig. 
S2F. Genes that pass 1% threshold after the FDR correction are considered as 
essential for fitness in either of the cell lines. Genes identified to be essential in 
both cell lines are considered as core essentialome. The number of insertions, the 
corresponding P-values and Q-values are reported for each gene in Tables S1-3. 

Sequence analysis of essential genes
The 1,734 genes of the core essentialome were analyzed for conservation using 
eggNOG 3.0 database. 1,319 genes could be mapped to orthologous groups 
of proteins in opisthokonta and are defined as ‘old’ essential genes, 415 map to 
metazoans or younger taxonomic groups (fig. S7B), and are referred to as ‘new’ 
essential genes. We analyzed the set of ‘old’ and ‘new’ essential genes for the fol-
lowing properties. Ensembl 72 was used to analyze the sets for the length of the 
longest transcript, the number of exons, the number of protein coding transcripts, 
and the number of paralogs. Ensembl Variation Database was used to analyze the 
number of SNP’s per gene. IUPRED36 server was used to analyze the proportion of 
unstructured regions. The protein abundance was analyzed using the quantitative 
proteomics data from37. In all of the analyses of the human genome we considered 
only genes with a protein coding gold transcript, excluding genes of chromosome 
8, as only those could be detected as essential by our pipeline.

Gene annotation enrichment analysis  
KEGG pathway enrichment analysis was performed using DAVID38, 39 using the 
KBM7-specific set (top 2 shown), the HAP1-specific set (top 2 shown), and the 
shared set of essential genes (top 10 shown) as queries and their P-values plotted. 
Additionally, DAVID was used for GO cellular component enrichment to identify 
compartments enriched for synthetic lethal interactions. For each uncharacterized 
genotype the 4 highest scoring GO terms were graphically represented and their 
respective P-value plotted. 
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Network analysis
The human interactome was assembled integrating several public PPI repositories: 
IntAct40, BioGRID41, HPRD42, DIP43, MINT44, innateDB45, MatrixDB46. Pro-
tein accession codes were converted to UniprotKB/Swissprot primary accession 
codes to avoid redundancy and facilitate matching with MS identifications. We 
also included in the network co-occurrences of proteins in protein complexes 
from the CORUM47 and NCI-PID48. Interaction repositories versions were the 
most recent at the time of this data compilation (1st of January 2013). We used 
the largest connected component of the resulting network which comprised of 
12,967 proteins and 112,985 PPIs. The topological parameters were computed at 
each node of this network using R. The generation of null (random) distributions 
for the proportion of PPIs towards other essential genes used 10,000 random sets 
of proteins from the network, none of them being essential, having the same node 
degree distribution as the various essential gene sets considered. Core essentialome 
genes as well as all human genes (fig. S5-6) were functionally classified using 
eggNOG 3.049. 

Strengths of interaction between functional categories, (fig. S6) were determined 
by considering all essential genes in a category C2 reached from essential genes in 
another category C1 following the edges of the core essential network. Depending 
on the total number of proteins reached from C1 proteins and the total number 
of core essential proteins with annotation C2, we computed a hypergeometric 
P-value. Depending on connectivity, P-values from C1 to C2 or C2 to C1 are not 
symmetric. We took the minimum of the two P-values to represent functional 
association over the core essential network. Functional categories ‘unknown’ and 
‘other’ were omitted for this network. 

Expression of tagged cDNAs in cell lines
For the generation of inducible cell lines ORFs were PCR amplified from KBM7 
cDNA and cloned into the Gateway-compatible pDONR201 entry vector us-
ing BP recombination (Invitrogen, Carlsbad, CA, USA). Following sequence 
verification, cDNAs were transferred to the inducible N-terminal Strep-HA tag 
expression vector pTO-HA-StrepII-GW-FRT-HygroR (50) via LR recombination 
(Invitrogen). In order to generate stable inducible cell lines, HEK293 Flip-In 
T-Rex cells (Invitrogen) maintained in DMEM (Sigma) supplemented with 10% 
FCS (Gibco), 100 U/mL penicillin, 100 µg/mL Streptomycin (Sigma), 100 µg/
mL Zeocin (Invitrogen) and 15 µg/mL blasticidin (Invivogen, San Diego, CA, 
USA) were co-transfected with the expression vector and pOG44 vector (Invit-
rogen) using Fugene6 transfection reagent (Promega, Fitchburg, WI, USA). Two 
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days after transfection, cells that stably integrated expression constructs were 
selected using 100 µg/mL hygromycin (Invivogen) for 2-3 weeks and expanded. 
Bait expression was induced upon addition of 1 µg/mL doxycycline for 24 h and 
verified by anti-HA immunoblotting (HA; Y11, Santa Cruz, Dallas, TX, USA or 
HA7-HRP; Sigma, St. Louis, MO, USA).  

C-terminally Flag-tagged PTAR1 cDNA was recovered by PCR from a HAP1 
cDNA library generated using SuperScript First Strand Synthesis System (Invi-
trogen) using the following primers: 5’-gatcGGATCCaccatggccgagaccagcgag-
gag-3’ and 5’-gatcCTCGAGttacttgtcatcgtcgtcctt gtagtcttgactcaaagtaaccagcca-3’, 
digested with BamHI and XhoI restriction enzymes and cloned into pBabe-
Puro retroviral vector digested with BamHI and SalI. N-terminally Flag-tagged 
C10orf76 was generated by gene synthesis (Life technologies) based on NCBI 
transcript NM_024541.2, digested with EcoRI and XhoI restriction enzymes 
and cloned into modified retroviral vector pMX-2A-BLAST described previ-
ously (51). C-terminal HA-tagged TMEM258 cloned form cDNA using primers: 
5’- catgGGATCCatggagcttgaggccatg-3’ and 5’-catggtcgacagcgtaatctggaacatcgtat-
gggtacacgtagatgc caacccagag-3’. The product was digested with BamHI and SalI 
and ligated into pMX-IRES-Blasticidin, which had been digested with BamHI 
and XhoI. The plasmid encoding TAP1-RFP was a kind gift of Prof. dr. Jacques 
Neefjes. 

The mouse STT3B ORF was PCR-amplified from the CDNA clone BC052433 
using primers 5’-CACCatggcggagccctcggc-3’ and 5’-ttacttatcgtcgtcatccttgtaatcaa-
cagtcttcttagaggtcttctt-3’ to include a C-terminal Flag epitope. This PCR product 
was and introduced in the Gateway compatible entry vector pENTR/D-TOPO 
(Life technologies). Subsequently STT3B was cloned into pLenti CMV Puro 
DEST (Addgene #17452) (52) using LR clonase according to manufacturer’s pro-
tocol (Life technologies). Flag-tagged DAD1 with pcDNA3.1(-) homology (5’-
end 5’-CTAGACTCGAGCGGCCGCCACTGTGGCCACC-3’, 3’-end 5’-CA-
CACTGGACTAGTGGATCCGAGCT-3’) for Gibson cloning was generated 
by gene synthesis (Life technologies) and cloned in BstXI digested pcDNA3.1(-) 
using Gibson Assembly Kit (New England BioLabs NEB #E2611).

Tandem affinity purification, liquid chromatography mass spectrometry and data 
analysis
Tandem affinity purifications (TAP) and liquid chromatography mass spectrom-
etry (LCMS) analyses were performed as previously described53 54. Briefly, five 
confluent 15 cm dishes were incubated with 1 µg/mL doxycyline for 24 h. Cells 
were harvested and lysed in 50 mM HEPES pH 8.0, 150 mM NaCl, 5 mM EDTA, 
0.5% NP-40, 50 mM NaF, 1 mM Na3VO4, 1 mM PMSF and protease inhibitor 
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cocktail. Insoluble material was removed by centrifugation at 13,000 r.p.m. for 
20 min at 4°C and 50 mg total lysate (measured by Bradford assay using γ-globin 
as the standard; BioRad, Hercules, CA,USA) was incubated with StrepTactin 
sepharose beads (IBA, Goettingen, Germany). Tagged bait proteins were eluted 
with D-biotin (Alfa Aesar, Karlsruhe, Germany) followed by immunopurification 
with anti-HA-agarose beads (Sigma). Protein complexes were eluted with 100 
mM formic acid and immediately neutralized with triethylammonium bicarbon-
ate (TEAB, Sigma). Affinity purifications were performed as biological replicates 
and cell lines expressing Strep-HA tagged GFP were used as negative controls. 
The samples were digested with trypsin (Promega Corp, Madison, WI), peptides 
purified and concentrated on C18 reversed-phase material and analyzed by 
LC–MSMS using a 1200 series high-performance liquid chromatography system 
(Agilent Technologies, Santa Clara, CA, USA) coupled to a linear trap quadrupole 
(LTQ) Orbitrap Velos mass spectrometer (ThermoFisher Scientific, Waltham, 
MA, USA). Details of the LCMS configuration and methodology are described 
elsewhere55. To identify the proteins, acquired MS data files were converted into 
Mascot generic format (.mgf ) files, searched against the human SwissProt protein 
database (v. 2013.01) using the search engines Mascot (v2.3.02, MatrixScience, 
London, UK)56 and Phenyx (v2.6, GeneBio, Geneva, Switzerland)57. One missed 
tryptic cleavage site was allowed. Carbamidomethyl cysteine was set as a fixed 
modification, and oxidized methionine was set as a variable modification. Mascot 
and Phenyx identifications were merged to ensure < 1% FDR according to a 
previously described procedure58.

Filtering of non-specific protein interactions was performed using a modified ver-
sion of the Decontaminator algorithm59, where the algorithm was applied three 
times on spectral counts, Phenyx protein scores, and Mascot protein scores (the 
original method only used Mascot protein scores) and the three P-values obtained 
for each identified prey in a pulldown were then combined into single P-value 
using the Fisher method. Furthermore, the original Decontaminator used scores 
directly, whereas our modification first transformed protein scores and spectral 
counts into their quantiles before proceeding according to the original method. 
Multiple GFP pulldowns as well as one NADKD1 pulldown (which gave no sign 
of real interactors) were used as negative controls for Decontaminator calculations. 
To account for variable numbers of identified proteins in each bait pulldown, we 
adjusted the P-values for multiple hypotheses accordingly. The cut for calling an 
interaction true was adjusted P-value<0.05. Two last requirements were imposed 
on interactions passing this filter. We eliminated known MS contaminants such 
as trypsin and keratin and a protein A identified in the pulldown of a bait B was 
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marked as carryover if A was the bait analyzed immediately before B due to general 
high expression levels of baits and associated carryover risk. Supplementary table 
S5 provides the data used for each prey in each pulldown.

N-glycosylation assay
HeLa cells were transfected on two consecutive days with siRNAs against 
TMEM258 (D-012822-01 and D-012822-04, Thermo Scientific) and DDOST 
(SI04134802, Qiagen, Venlo, The Netherlands) as well as a non-targeting siRNA 
(D-001810, Thermo Scientific) using Lipofectamine RNAiMAX (Life technolo-
gies, Carlsbad, USA). As a control, untransfected HeLa cells were treated with 
tunicamycin for 4 hours prior to lysis at 1 μg/mL. For radiolabelling, culture me-
dium was replaced with methionine and cysteine free DMEM (Life Technologies, 
Carlsbad, USA) supplemented with 10% dialyzed fetal calf serum for 20 minutes 
before adding 200 µCi/mL of 35S-labelled methionine/cysteine for a period of 
10 minutes. Cells were lysed using RIPA buffer (10 mM Tris-HCl (pH 8.5), 1% 
NP-40, 140mM NaCl, 0.5% sodium deoxycholate, 1 mM MgCl2) supplemented 
with EDTA-free Protease Inhibitor Cocktail (Roche, Basel, Switzerland). Lysates 
were cleared by centrifugation at max speed for 10 minutes twice and precleared 
using Protein-A Sepharose conjugate beads (Life Technologies, Carlsbad, USA) 
for 1 hour. Pre-cleared lysates were incubated with Saponin antibody, bound to 
Protein-A Sepharose beads for 16 hours. Beads were washed five times with RIPA 
buffer, boiled for 7 minutes in sample buffer containing 2-mercaptoethanol. Dried 
gels were exposed to imaging plate BAS-TR2040 (Fuji Photo Film Co. LTD) and 
images taken using BASReader.

Colony outgrowth assay
For assessing viability after TMEM258 depletion, HeLa cells were transfected 
with two siRNAs against TMEM258 (D-012822-01 and D-012822-04, Thermo 
Scientific) or a non-targeting siRNA (D-001810, Thermo Scientific) as described 
before. Two days following transfection cells were passaged for three days before 
staining with crystal violet solution (0.5% crystal violet, 25% methanol in H2O).

Generation of HAP1 knockout cell lines
CRISPRs were designed targeting RAB1A (exon4; 5’-caccgcatacacaactatgat-
gcca-3’), RAB1B (exon4; 5’-caccgggggctcatggcatcatcg-3’), GOSR1 (exon2; 
5’-caccgcaggaaacaggctcgacagc-3’), C10orf76 (exon5; 5’-caccgagtcatagcagtaccc-
gaga-3’), TSSC1 (exon2; 5’-caccgcgtcccaaccaaaaaccgaa-3’), GOLGA5 (exon10; 
5’-caccgcgaacagcagatgaactccg-3’), and TMEM165 (exon4; 5’-caccgtacccgtttcaa-
catctcc-3’) and cloned into PX33060. HAP1 cells were transfected with the gene-
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specific PX330 vectors in addition to a vector containing a guide RNA to the 
zebrafish TIA gene (5’-ggtatgtcgggaacctctcc-3’) and a cassette of a 2A sequence 
followed by a blasticidin resistance gene, flanked by two TIA target sites. Co-
transfection with PX330 results in excision of the cassette from the plasmid and 
subsequent sporadic incorporation at the site of the targeted genomic locus by 
non-homologous end joining61. Successful integration of the cassette into the 
targeted gene disrupts the allele, renders cells resistant to blasticidin, and provides 
a tag at the location of the mutation. Four days following transfection the culture 
medium was supplemented with blasticidin (10 µg/mL). Surviving colonies were 
clonally expanded, screened for cassette integration into the query gene by PCR, 
and their mutations verified by Sanger sequencing (fig. S14). The generation of 
TSSC1-deficient cells was identical with the exception of a targeting cassette with 
a puromycin-resistance gene. Selection occurred at 750 ng/ul puromcyin in the 
culture medium. For RAB1B, a targeting cassette was used with a CMV-promoter 
preceding the blasticidin-resistance gene. 

For PTAR1 a TALEN was designed targeting exon 3 (5’-tcccacagaaagggcacagc-3’; 
5’-agatggaggtctgtggtgaa-3’) and transfected into HAP1 cells in combination with 
pMX-IRES-Blasticidin. Two days post-transfection the culture medium was 
supplemented with 30 µ g/mL blasticidin (Invivogen, San Diego, USA). Cells 
surviving the selection were subcloned, genotyped by PCR, and their mutations 
verified by Sanger sequencing (fig. S14). 

Synthetic lethality network
We used mutagenesis data of four wild-type (WT) HAP1 replicates and three 
biological replicates for each of the query knockout (KO) genotype. To identify 
synthetic lethality interactions we analyzed the proportions of sense and antisense 
insertions in all gold gene transcripts in all WT and query KO replicates. We 
observed, as demonstrated in fig. S22A, that the level of sense depletion between 
any two replicates can vary. For example, for most of the depleted transcripts in 
the RAB1B-3 replicate, the depletion is better than that in WT-1 replicate, as most 
of the transcripts lie under the highlighted red diagonal. As this systematic drop 
in the ratio of sense insertions is not caused by inactivation of a single gene but 
rather by different overall depletion level in the two experiments caused by experi-
mental variation, we pre-normalized the data such that the median depletion of 
genes on the genome scale is preserved (fig. S22B). We normalized the insertion 
counts for the purposes of the synthetic lethality analysis in the following manner. 
The aggregated insertion counts from the 4 WT replicates were used as a reference 
set that each replicate, including each WT replicate, was normalized against. The 
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gold transcripts were sorted based on their ratio of sense insertions in the reference 
set into bins of 200 transcripts, then the insertion numbers in each bin were 
adjusted independently such that the median sense ratio of the 200 transcripts 
in a bin was same in each replicate and equal to the median ratio of those genes 
in the reference set. For a given replicate to be normalized, let m be an observed 
median ratio and m* be the reference median ratio of sense insertions in a bin of 
200 transcripts. Then for a given transcript in the bin, its observed number of 
sense insertions, s, and antisense insertions, a, were normalized to integers s′ and 
a′ such that a′ + s′ = a + s and s′/(a′ + s′) was as close as possible to r’ defined as 

same in each replicate and equal to the median ratio of those genes in the reference set. For a 
given replicate to be normalized, let m be an observed median ratio and m* be the reference 
median ratio of sense insertions in a bin of 200 transcripts. Then for a given transcript in the 
bin, its observed number of sense insertions, 𝑠𝑠𝑠𝑠, and antisense insertions, 𝑎𝑎𝑎𝑎, were normalized to 
integers 𝑠𝑠𝑠𝑠′ and 𝑎𝑎𝑎𝑎′ such that 𝑎𝑎𝑎𝑎′ +  𝑠𝑠𝑠𝑠′ = 𝑎𝑎𝑎𝑎 + 𝑠𝑠𝑠𝑠 and 𝑠𝑠𝑠𝑠′/(𝑎𝑎𝑎𝑎′ + 𝑠𝑠𝑠𝑠′) was as close as possible to r’ 
defined as  

𝑟𝑟𝑟𝑟′ = {
𝑚𝑚𝑚𝑚∗

𝑚𝑚𝑚𝑚 𝑟𝑟𝑟𝑟                                                       iff  𝑟𝑟𝑟𝑟 < 𝑚𝑚𝑚𝑚   

1 − [(1 − 𝑟𝑟𝑟𝑟) 1−𝑚𝑚𝑚𝑚∗

1−𝑚𝑚𝑚𝑚 ]                              iff  𝑟𝑟𝑟𝑟 ≥ 𝑚𝑚𝑚𝑚   
, 

where, 𝑟𝑟𝑟𝑟 = 𝑠𝑠𝑠𝑠/(𝑎𝑎𝑎𝑎 + 𝑠𝑠𝑠𝑠). Observed insertion counts of transcripts with less than 20 insertions in 
the reference set or in the replicate being normalized were not altered by the above 
normalization protocol and also were not considered for median calculations. The normalized 
insertion counts in each gold transcript were then analyzed for synthetic lethality. We 
considered a gene transcript passing the following three criteria to be synthetic lethal with the 
query: (i) the transcript showed significant bias for antisense insertions in each of the three 
query KO datasets ( three Binomial tests, each at P-value cutoff 0.05); (ii) each query KO dataset 
showed increased depletion of sense insertions as compared against each WT dataset (12 
Fisher’s exact tests, between the 4 WT and the 3 KO datasets, each at P-value cutoff 0.1); and 
(iii) the overall proportion of sense insertions in the data aggregated from all WT replicates was 
at least 1.3 times larger than that in the query KO replicates ( ∑ 𝑠𝑠𝑠𝑠𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖∈WT

∑ 𝑎𝑎𝑎𝑎𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖∈WT
≥ 1.3 ∑ 𝑠𝑠𝑠𝑠𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖∈KO

∑ 𝑎𝑎𝑎𝑎𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖∈KO
). As the last 

step, the detected transcripts are projected into corresponding genes and the results of 
synthetic lethality analysis are reported on the genes level. Interestingly, we observed that our 
selection criterion that required passing 12 individual Fisher’s tests at the significance cutoff of 
0.1 is more stringent than a single Fisher’s exact test at 1.10-4 P-value cutoff on aggregated data 
from all replicates would have been (data not shown). However, the advantage of 12 separate 
Fisher’s tests against a single Fisher’s test on aggregated data is that it ensures that the 
decrease in sense ratio is reproducibly observed in all replicates and thus allowed us to better 
filter away false positive interactions. 
 
Immunofluorescence microscopy 
One day prior to the experiments cells were seeded onto poly-L-lysine (Sigma Aldrich, St. Louis, 
USA) or gelatin-coated cover slips. Cells were then fixed with PBS containing 4% 
paraformaldehyde and permeabilized with PBS 0.1% Triton X-100 (Sigma Aldrich) Next, cells 
were pre-incubated with PBS 10% horse serum after which primary antibodies were added in 
the same buffer. Golgi morphology was visualized using an antibody directed against Giantin 
(PRB-114C, Covance, Princeton, New Jersey, USA). GOLGA5 was detected with a specific 
antibody (HPA000992, Sigma Aldrich, St. Louis, USA). For detecting PI(4)P and PI4KB, cells were 
permeabilized in 10 g/mL digitonin in 100mM Glycine containing PBS, stained in 1% BSA in PBS 
and incubated with primary antibody (PI4KB, 06-578, Millipore, Billerica, USA; PI(4)P (Z-P004, 
Echelon Biosciences, Salt Lake City, USA) overnight at 4°C. Exogenous TMEM258, and C10orf76 
were detected using an antibody directed against hemagglutinin (HA) tag (H6908, Sigma 
Aldrich, St. Louis, USA) and Flag-tag (M2, Sigma Aldrich, St. Louis, USA) respectively. Specifically 
for Flag-tag staining, cells were permeabilized and stained in 3% BSA/PBS containing 0.3% triton 
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where, r = s /(a + s). Observed insertion counts of transcripts with less than 20 
insertions in the reference set or in the replicate being normalized were not altered 
by the above normalization protocol and also were not considered for median 
calculations. The normalized insertion counts in each gold transcript were then 
analyzed for synthetic lethality. We considered a gene transcript passing the 
following three criteria to be synthetic lethal with the query: (i) the transcript 
showed significant bias for antisense insertions in each of the three query KO 
datasets ( three Binomial tests, each at P-value cutoff 0.05); (ii) each query KO 
dataset showed increased depletion of sense insertions as compared against each 
WT dataset (12 Fisher’s exact tests, between the 4 WT and the 3 KO datasets, 
each at P-value cutoff 0.1); and (iii) the overall proportion of sense insertions in 
the data aggregated from all WT replicates was at least 1.3 times larger than that 
in the query KO replicates  

same in each replicate and equal to the median ratio of those genes in the reference set. For a 
given replicate to be normalized, let m be an observed median ratio and m* be the reference 
median ratio of sense insertions in a bin of 200 transcripts. Then for a given transcript in the 
bin, its observed number of sense insertions, 𝑠𝑠𝑠𝑠, and antisense insertions, 𝑎𝑎𝑎𝑎, were normalized to 
integers 𝑠𝑠𝑠𝑠′ and 𝑎𝑎𝑎𝑎′ such that 𝑎𝑎𝑎𝑎′ +  𝑠𝑠𝑠𝑠′ = 𝑎𝑎𝑎𝑎 + 𝑠𝑠𝑠𝑠 and 𝑠𝑠𝑠𝑠′/(𝑎𝑎𝑎𝑎′ + 𝑠𝑠𝑠𝑠′) was as close as possible to r’ 
defined as  

𝑟𝑟𝑟𝑟′ = {
𝑚𝑚𝑚𝑚∗

𝑚𝑚𝑚𝑚 𝑟𝑟𝑟𝑟                                                       iff  𝑟𝑟𝑟𝑟 < 𝑚𝑚𝑚𝑚   

1 − [(1 − 𝑟𝑟𝑟𝑟) 1−𝑚𝑚𝑚𝑚∗

1−𝑚𝑚𝑚𝑚 ]                              iff  𝑟𝑟𝑟𝑟 ≥ 𝑚𝑚𝑚𝑚   
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where, 𝑟𝑟𝑟𝑟 = 𝑠𝑠𝑠𝑠/(𝑎𝑎𝑎𝑎 + 𝑠𝑠𝑠𝑠). Observed insertion counts of transcripts with less than 20 insertions in 
the reference set or in the replicate being normalized were not altered by the above 
normalization protocol and also were not considered for median calculations. The normalized 
insertion counts in each gold transcript were then analyzed for synthetic lethality. We 
considered a gene transcript passing the following three criteria to be synthetic lethal with the 
query: (i) the transcript showed significant bias for antisense insertions in each of the three 
query KO datasets ( three Binomial tests, each at P-value cutoff 0.05); (ii) each query KO dataset 
showed increased depletion of sense insertions as compared against each WT dataset (12 
Fisher’s exact tests, between the 4 WT and the 3 KO datasets, each at P-value cutoff 0.1); and 
(iii) the overall proportion of sense insertions in the data aggregated from all WT replicates was 
at least 1.3 times larger than that in the query KO replicates ( ∑ 𝑠𝑠𝑠𝑠𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖∈WT

∑ 𝑎𝑎𝑎𝑎𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖∈WT
≥ 1.3 ∑ 𝑠𝑠𝑠𝑠𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖∈KO

∑ 𝑎𝑎𝑎𝑎𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖∈KO
). As the last 

step, the detected transcripts are projected into corresponding genes and the results of 
synthetic lethality analysis are reported on the genes level. Interestingly, we observed that our 
selection criterion that required passing 12 individual Fisher’s tests at the significance cutoff of 
0.1 is more stringent than a single Fisher’s exact test at 1.10-4 P-value cutoff on aggregated data 
from all replicates would have been (data not shown). However, the advantage of 12 separate 
Fisher’s tests against a single Fisher’s test on aggregated data is that it ensures that the 
decrease in sense ratio is reproducibly observed in all replicates and thus allowed us to better 
filter away false positive interactions. 
 
Immunofluorescence microscopy 
One day prior to the experiments cells were seeded onto poly-L-lysine (Sigma Aldrich, St. Louis, 
USA) or gelatin-coated cover slips. Cells were then fixed with PBS containing 4% 
paraformaldehyde and permeabilized with PBS 0.1% Triton X-100 (Sigma Aldrich) Next, cells 
were pre-incubated with PBS 10% horse serum after which primary antibodies were added in 
the same buffer. Golgi morphology was visualized using an antibody directed against Giantin 
(PRB-114C, Covance, Princeton, New Jersey, USA). GOLGA5 was detected with a specific 
antibody (HPA000992, Sigma Aldrich, St. Louis, USA). For detecting PI(4)P and PI4KB, cells were 
permeabilized in 10 g/mL digitonin in 100mM Glycine containing PBS, stained in 1% BSA in PBS 
and incubated with primary antibody (PI4KB, 06-578, Millipore, Billerica, USA; PI(4)P (Z-P004, 
Echelon Biosciences, Salt Lake City, USA) overnight at 4°C. Exogenous TMEM258, and C10orf76 
were detected using an antibody directed against hemagglutinin (HA) tag (H6908, Sigma 
Aldrich, St. Louis, USA) and Flag-tag (M2, Sigma Aldrich, St. Louis, USA) respectively. Specifically 
for Flag-tag staining, cells were permeabilized and stained in 3% BSA/PBS containing 0.3% triton 
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As the last step, the detected transcripts are projected into corresponding genes and 
the results of synthetic lethality analysis are reported on the genes level. Interest-
ingly, we observed that our selection criterion that required passing 12 individual 
Fisher’s tests at the significance cutoff of 0.1 is more stringent than a single Fisher’s 
exact test at 1.10-4 P-value cutoff on aggregated data from all replicates would 
have been (data not shown). However, the advantage of 12 separate Fisher’s tests 
against a single Fisher’s test on aggregated data is that it ensures that the decrease 



Chapter 5

138

in sense ratio is reproducibly observed in all replicates and thus allowed us to 
better filter away false positive interactions.

Immunofluorescence microscopy
One day prior to the experiments cells were seeded onto poly-L-lysine (Sigma 
Aldrich, St. Louis, USA) or gelatin-coated cover slips. Cells were then fixed with 
PBS containing 4% paraformaldehyde and permeabilized with PBS 0.1% Triton 
X-100 (Sigma Aldrich) Next, cells were pre-incubated with PBS 10% horse serum 
after which primary antibodies were added in the same buffer. Golgi morphology 
was visualized using an antibody directed against Giantin (PRB-114C, Covance, 
Princeton, New Jersey, USA). GOLGA5 was detected with a specific antibody 
(HPA000992, Sigma Aldrich, St. Louis, USA). For detecting PI(4)P and PI4KB, 
cells were permeabilized in 10 μg/mL digitonin in 100mM Glycine containing 
PBS, stained in 1% BSA in PBS and incubated with primary antibody (PI4KB, 
06-578, Millipore, Billerica, USA; PI(4)P (Z-P004, Echelon Biosciences, Salt 
Lake City, USA) overnight at 4°C. Exogenous TMEM258, and C10orf76 were 
detected using an antibody directed against hemagglutinin (HA) tag (H6908, 
Sigma Aldrich, St. Louis, USA) and Flag-tag (M2, Sigma Aldrich, St. Louis, 
USA) respectively. Specifically for Flag-tag staining, cells were permeabilized and 
stained in 3% BSA/PBS containing 0.3% triton X-100 and 10% goat serum. 
After labeling with primary antibodies, cells were washed and incubated with 
secondary antibodies coupled to Alexa Fluor 488 or Alexa Fluor 568 (Life Tech-
nologies, Carlsbad, USA). Finally, coverslips were mounted on glass slides using 
DAPI-containing mounting medium (Vector Labs, Burlingame, California, USA) 
and analyzed on a Leica-Microsystems confocal microscope using LCS software 
(Leica-Microsystems, Vienna, Austria). 

For visualizing Coxsackie A10 viral particles, cells were seeded on IbiTreat 
slides µ-slide 18-wells (Ibidi, Martinsried, Germany) one day prior to infection. 
Infection and binding occurred on ice (MOI=±50) for 60 minutes, washed 3 
times with ice cold PBS and subsequently cells were incubated at 37°C for 0, 30, 
and 300 minutes. At each time point, wheat germ agglutinin (Alexa 488, Life 
technologies) was added for 10 min at RT prior to 3 washes with PBS and fixation 
in PBS containing 4% paraformaldehyde. Cells were permeabilized overnight in 
70% EtOH and viral RNA was visualized using in situ hybridization of 48 fluo-
rescent RNA probes complementary to the genome of Coxsackie A10 (accession 
no. AY421767.1) according to manufacturer’s specification (Stellaris RNA FISH, 
Biosearch technologies, Petaluma, USA). 
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Flow cytometry 
PBS supplemented with 5mM EDTA was used to detach cells from the dishes, 
after which cells were stained with an antibody directed against heparan sulfate 
(clone 10E4, US Biological, Salem, Massachusetts, USA) in the presence of 1% 
bovine serum albumin (BSA). Cells were then washed three times and incubated 
with secondary antibody coupled to Alexa Fluor 568 (Invitrogen). Stained cells 
were measured on a BD LSRII flow cytometer (BD, Franklin Lakes, New Jersey, 
USA) and data was analyzed using FlowJo software (TreeStar Inc, Ashland, Or-
egon, USA).

Immunoprecipitations and immunoblotting
For detection of protein-protein interactions, cells were lysed on ice using CHAPS 
buffer (30 mM Tris-Cl pH 7.5, 150 mM NaCl, 1% CHAPS). Lysates were then 
cleared twice by centrifugation and incubated with anti-Flag M2 agarose beads 
(Sigma-Aldrich) at 4°C for 2 hours. A portion of the lysates was kept separate as 
input. Beads were washed four times, mixed with sample buffer containing 100 
mM dithiothreitol (DTT) and 2% sodium dodecyl sulfate (SDS) and boiled. 

For detection of geranylgeranylation of proteins, cells were incubated in the 
presence of 50 μM azido-geranylgeranyl (Life Technologies, Carlsbad, USA) for 
48 hours, lysed in 1% SDS in 50 mM Tris-HCl, pH 8.0 containing protease 
inhibitor cocktail. Azido-geranylgeranyled proteins were labeled using biotin-
alkynes and immobilized on streptavidin-coated M280 beads (Life Technologies, 
Carlsbad, USA) following manufacturer’s instructions. Beads were washed four 
times, bound complexes were mixed with sample buffer and boiled. 

Protein lysates in sample buffer were subsequently separated by SDS polyacryl-
amide gel-electrophoresis (SDS-PAGE) and transferred onto polyvinylidene 
fluoride (PVDF) membranes (Millipore) by wet Western blotting. Membranes 
were then blocked with PBS 0.1% Tween-20 and 5% non-fat milk powder and 
subsequently incubated with primary antibodies in the same buffer. Endogenous 
RAB1A and RAB1B were detected using specific antibodies (Rab 1A (C-19) 
and Rab 1B (G-20), Santa Cruz Biotechnology, Santa Cruz, USA), and so were 
TMEM258 (TMEM258 (E15)), CDK4 (Cdk4 (C-22)), Tubulin (Tubulin (B-7)) 
and PI4K-beta (PI4-Kinase β 06-578, Merck Millipore). Flag-tagged STT3B, 
DAD1, and C10orf76 were detected using an antibody directed against the Flag-
tag (F3165, Sigma-Aldrich). Following washing, membranes were incubated with 
secondary antibodies coupled to horse radish peroxidase (HRP) and analyzed 
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using enhancer and peroxide solutions (Thermo-Scientific, Waltham, Massachu-
setts, USA) on a gel imaging system (Bio-Rad).

Electron microscopy (EM) 
Cells were fixed using Karnovsky’s fixative (2.0% paraformaldehyde 2.5% glu-
taraldehyde in 100mM cacodylate buffer at pH 7.2). Post-fixation was carried 
out with 1% osmiumtetroxide in 100mM cacodylatebuffer. Following washing, 
cell pellets were stained en bloc using Ultrastain 1 (Leica, Vienna, Austria) and 
subjected to an ethanol dehydration series. Cell pellets were embedded in DDSA/
NMA/Embed-812 (EMS, Hatfield, Pennsylvania, USA) and sectioned. Sections 
were stained with Ultrastain 2 (Leica) and analyzed on a CM10 electron micro-
scope (FEI, Eindhoven, Netherlands). For examining virus replication factories, 
cells were infected with Coxsackie A10 virus (MOI=±10) and incubated at 37°C 
for 8 hours prior to fixation.

Virus infectivity assay
For testing the role of C10orf76 in virus susceptibility, HAP1 wild-type cells, 
HAP1 cells deficient for C10orf76, and C10orf76-deficient cells expressing 
FLAG-C10orf76 were seeded in 96-well plates at ±50% confluence. The next day, 
cells were challenged with Coxsackie A10 (Cox A10), Coxsackie B1 (Cox B1), 
herpes simplex virus 1 (HSV1), and vesicular stomatitis virus (VSV) at an MOI 
of approximately 5 and incubated at 37°C for two days prior to formaldehyde 
fixation and crystal violet staining.    
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Comparison of the essential genes identified in KBM-7 cells using gene-trap 
mutagenesis in the Wang et al. study and this study. 
Wang et al. also used random gene-trap mutagenesis in KBM-7 cells to identify 
essential genes. In both cases the directionality of the gene-trap was used to gauge 
essentiality for a given locus. Based on our triplicate datasets in KBM-7 cells 
we modeled the overall technical and biological variability between samples and 
applied a noise model to identify essential genes in the merged dataset containing 
34.3 million unique mutations. When the gene-trap data in KBM-7 cells from 
Wang et al. were analyzed in the same way 1,196 genes scored as essential for 
fitness compared to 2,054 genes in this study (fig. S22A). Due to the difference in 
the number of identified genes these datasets overlap for ±50% when calculated 
from the larger dataset, however, when viewed from the perspective of the smaller 
dataset ±90% of the genes identified by Wang et al. were present in the gene 
set identified in this manuscript, thus supporting high technical and biological 
reproducibility of the used method (fig. S22B). The difference in dataset size can 
be explained by an additional experimental step in our protocol that was imple-
mented to enrich for haploid cells (using flow cytometric cell sorting) prior to 
deep sequencing of the insertion sites, as well as to the use of a different gene-trap 
vector, and the number of interrogated mutants.

Comparison of the essential genes identified by Wang et al. using CRISPR mutagenesis 
in KBM-7 cells and the essential genes identified in this study using gene-trap 
mutagenesis. 
To assess the degree of overlap,  the analysis was limited to 16,246 genes that 
could in principle be identified by both technologies as (i) they are not located on 
chromosome 8, (ii) a corresponding guide RNA is present in the library used by 
Wang et al., and (iii) an Ensembl Gold Transcript is annotated. The comparison 
shows that entirely different techniques yield an overlap of ±77% viewed from the 
perspective of the smaller CRISPR dataset by Wang et al., and ±66% from the 
perspective of the gene-trap-based data in this manuscript, underlining the validity 
of both approaches (fig. S22C). Differences could be attributed to limitations of 
either approach (limitations of gene trapping are discussed below). Furthermore, 
the high number of unique gene-trap mutations measured in many genes may 
enable the detection of subtle fitness defects.
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Limitations of the employed gene-trap mutagenesis approach to identify essential genes. 
First, retroviral integration is biased and therefore some genes are mutated more 
frequently than others and this also affects the location within the gene where 
gene-trap insertions are found. Although this complicates equal comparison of 
all genes, the bias of retroviral integration towards the 5′ end of active genes 
likely facilitates the disruption of expressed genes. However, sense integrations at 
the 3′ could result in (partially) functional gene products, which would therefore 
not score as essential. Furthermore the approach that we used is based on the 
unidirectional design of the gene-trap vector. This has several shortcomings:  in 
intronless essential genes, for example, all integrations (regardless of orientation) 
are likely to be disruptive and therefore we exclude these from the analysis. Also, 
not all sense orientation insertions of the gene-trap in intronic regions create 
full knockout alleles because alternative splicing may result in the formation of 
hypomorphic alleles. 

Some complications arise from the sequence of the human genome itself. The 
presence of repetitive regions hinders unique alignment to the genome (and af-
fected insertion events were not used in this study), while genes whose genomic 
location overlaps with other genes confounds the interpretation of observed 
orientation biases. In order to account for the latter, only integrations in non-
overlapping genomic regions are considered for this study. As gene essentiality is 
determined on transcript level, the quality of transcript annotation additionally 
affects conclusions. For this, ENSEMBL gold transcripts were used, however, a 
number of genes either do not have an annotated gold transcript, have multiple 
gold transcripts, or the gold transcript does not necessarily reflect the transcript 
that is expressed in KBM-7 or HAP1 cells.

Finally, it is challenging to distinguish mutations in genes that lead to cell death 
from those mutations that cause more subtle fitness defects. Especially the mea-
surement of large numbers of mutations in genes enables the identification of 
subtle fitness defects associated with gene loss as well as complete cell death. Also, 
essentiality is scored 10 days after introduction of the mutation in some cases 
long-lived proteins may maintain viability in low copy numbers. Together, it is 
difficult to make an absolute separation between the genes that cause cell lethality 
upon loss versus those that induce sickness.
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Fig. S1. The identification of essential genes depends on haploidy and signaling context. (A) Ge-
nome sequencing of KBM7 and HAP1 cells illustrates that KBM7 cells are diploid for chromosome 8 
whereas no increased copy number of chromosome 8 is observed in HAP1 cells. (B) Schematic outline 
of the experimental strategy to identify genes that are essential for fitness. Sense-orientation insertion 
of the gene-trap vector into intronic sequences is likely to disrupt gene function. (C) KBM7 cells are 
highly dependent on BCR-ABL signaling and components of this signaling pathway were found to be 
highly depleted for sense-orientation gene-trap insertions in KBM7 cells but not in HAP1 cells. (D) 
The same plots as presented in Figure 1B were re-colored to highlight genes located on chromosome 
8. In contrast to HAP1 cells, no chr. 8 genes were strongly depleted for sense-orientation gene-trap 
insertions in KBM7 cells.
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A
Figure S2

B

DC

FE

Fig. S2. Noise function for filtering experimental variation in mutagenesis-based essentiality 
screens. (A) Ratio differences between KBM7 replicates 1 and 2 (black dots). The red curves repre-
sent ±2.326σ(x), 1% significant one-sided test, with σ(x) the standard deviation of ratio differences 
as a function of the logarithm of the total insertion counts. In the inset, is the same plot with total 
insertion counts in the linear scale instead of logarithmic. (B) Normality distribution of ratio differ-
ences. Quantile-quantile plots comparing a normal distribution with ratio differences for genes with 
total insertion numbers close to 50, 100, 250, and 500. A straight line indicates perfect match with a 
normal distribution. For large total insertion numbers it is difficult to collect enough close numbers 
to obtain reliable qq-plots and normality is thus assumed. (C) Definition of an average KBM7 noise 
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Fig. S3. Comparison between independent replicates for wild-type KBM7 and HAP1 essentiality 
datasets. (A) To determine the reproducibility of the number of sense and antisense insertions across 
KBM7 and HAP1 samples as well as to show specific difference between cell lines, we considered inser-
tions in all genes selected as essential for any of the two cell lines. We selected 2,054 and 2,181 genes 
in KBM7 and HAP1 cells respectively, and the union of those two lists resulted in 2,501 genes. For 
each biological replicate (3 KBM7 and 4 HAP1), we created a numerical vector made of the number 
of sense and antisense insertions for these 2,501 genes. We computed the correlation matrix of these 
7 vectors and plotted it as a heatmap. This shows highly reproducible insertion profiles within one cell 
line and differences across the two. Moreover, correlation values are very similar switching from one 
replicate to the next. (B) Venn diagram depicting overlap between the individual replicates for KBM7. 
(C) Venn diagram depicting overlap between the individual replicates for HAP1.

function. We observe that the three red curves from the three possible pairs of KBM7 replicates are al-
most confounded (left), which shows highly reproducible data quality. The average model is featured in 
blue in the right panel (black dots are replicates 1 and 2 ratio differences for visualization purpose as in 
(A). (D) Definition of an average HAP1 noise function, see (C). (E) Comparison of HAP1 (blue) and 
KBM7 (green) noise functions. The two noise functions do not need to be identical and are potentially 
cell type dependent. They are very close actually, which indicates a high stability of the experimental 
protocol on those two cell types. HAP1 data are slightly more variable. (F) Comparison of selection 
based on a one-sided binomial test and our more conservative model in HAP1 data. Green dots repre-
sent the genes we called fitness- reducing and red dots represent genes that the one-sided binomial test 
with 0.5 probability of sense insertion would additionally call as fitness reducing. This shows increased 
stringency and the effect of the noise function that limits the selection of genes with ratios close to 0.5 
based solely on the large number of integrations.
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Fig. S4. Insertion sites in proteasome subunits without annotated Ensembl Gold transcript. (A) 
Identification of the different subunits of the proteasome, an exemplary multi-subunit protein com-
plex known to be essential for mammalian cells. Subunits that scored as essential are colored in blue 
and others in grey. Genes marked with * do not have an annotated Ensembl Gold transcript, but show 
strong depletion of disruptive insertions for other transcripts. (B) Depicted are all insertion sites found 
in transcript ENST00000261479 of PSMA6 for both KBM7 and HAP1, showing a strong bias for 
antisense orientation insertions. (C) Similar illustration showing all insertion sites found in transcript 
ENST00000292644 of PSMC2 for both KBM7 and HAP1, showing a similar bias for antisense ori-
entation insertions.
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cal functions (as defined by eggNOG database). (B) Core essentialome interaction network summa-
rized according to the functional annotations (eggNOG database) of each essential gene.
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Figure S6

Fig. S6. Core essentialome interaction network. The protein-protein interaction (PPI) network of 
protein products of core essentialome genes is shown. The PPI’s data are integrated from public data-
bases (IntAct, MINT, HPRD, InnateDB, DIP, MatrixDB, BioGRID, NCI-PID, CORUM).
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Fig. S7. Comparison of the human essentialome to yeast essential genes and their time of occur-
rence. (A) Yeast genes orthologous to human genes were mapped using the Ensembl database and 
queried for fitness in yeast (1) or human cells. In both species, genes were categorized based on the 
absence or presence of paralogs using the Ensembl database. Subsequently, biological process cluster 
enrichment was performed using DAVID on human genes with or without paralogs for yeast-unique 
essential genes and vice versa. For non-essential orthologs whose dispensability is not explained by 
paralogs, the top four enriched functional clusters that pass 5% Benjamini corrected P-value threshold 
are listed. (B) Age of the essential genes compared to the human genome based on mapping of genes’ 
transcripts to most general homologous clusters of proteins via eggNOG 3.0.
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Fig. S8. Network connectivity of essential genes. Local topology measures characterizing the es-
sential gene products within the human interactome (28, 29); (square or quartic roots were applied to 
scale data). (A) Relative betweenness, the proportion of shortest paths in the interactome between all 
pairs of nodes that go through a given node, and (B) eigenvector centrality, a notion of being central 
when one’s neighbors are central as well, characterize how centrally essential gene products are located 
in the interactome. The node degree (C) is the number of PPIs at one gene product, a raw connectiv-
ity measure. (D) K-cores are highly interconnected sub-networks of the interactome, which usually 
correspond to protein complexes. Hence, a high k-core score indicates likelihood to form complexes 
with other proteins. We note that the essential gene products tend to be more central and connected 
than average nodes of the interactome, a trend that is amplified at new essential genes. All differences 
but one were statistically significant (Kolmogorov-Smirnov test): relative betweenness (all genes vs. es-
sential P=0, new essential vs. essential P=9.0E-6); node degree (P=0, P=5.9E-4); eigenvector centrality 
(P=0, P=1.1E-4); k-core score (P=0, P=6.8E-4).
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significantly connect more to themselves than expected by chance (P<10-4). (B) The same analysis 
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note strong significance towards more connections with the essential genes (P<10-4). (C) Proportion 
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conclude that new essential genes connect preferentially with old essential genes.
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Fig. S10. Expression of the bait proteins for the isolation of protein complexes. Correct expression 
of Strep-HA tagged bait proteins in HEK293 Flip-In T-Rex cell lines was verified by western blot. Bait 
expression in stable cell lines (-) was induced upon treated with 1 µg/mL doxycycline for 24 h (+) and 
subsequently visualized with anti-HA immunoblotting. Tubulin was used as loading control. Marks 
on the left side of each blot indicate corresponding molecular weight (kDa) and asterisks indicate 
non-specific bands.
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Fig. S11. Protein complexes of selected essential genes. (A) High-confidence interactors of each se-
lected essential protein (solid lines) and their known PPIs (dashed lines). Proteins that interacted with 
products of poorly annotated essential genes were detected by tandem affinity purification coupled 
to liquid chromatography mass spectrometry. A large proportion of preys were found to be essential 
themselves (52.4%, P<2.5E-36, hypergeometric), in line with our global analysis of all the 1,734 es-
sential genes mapped to the human interactome. ZNF207 was identified as an interactor of BUB3 
during preparation of this manuscript and renamed BuGZ (30, 31).



Chapter 5

152

Loading
control

TMEM258

siS
cra

mbled

siT
MEM258#1

siT
MEM258#2

E

0.1

Homo sapiens.STT3A
Drosophila melanogaster.CG1518

Homo sapiens.STT3B
Drosophila melanogaster.OstStt3

Caenorhabditis elegans.STT-3

Saccharomyces cerevisiae.STT3

0.1

Homo sapiens.DDOST
Caenorhabditis elegans.OSTB-1

Drosophila melanogaster.Ost48
Saccharomyces cerevisiae.WBP1

0.1

Homo sapiens.DAD1
Drosophila melanogaster.I 2 k12914
Caenorhabditis elegans.DAD-1

Saccharomyces cerevisiae.OST2

0.1

Homo sapiens.TMEM258
Drosophila melanogaster.CG9669

Caenorhabditis elegans.Y57E12AM.1

TMEM258

STT3A/B

DDOST

DAD1

Figure S12

siS
cra

mbled

siT
MEM258#1

siT
MEM258#2

A

Merge

TAP1-RFP (ER)

TMEM258-HA

C

TMEM258

In
pu

t

Flag

CDK4

TMEM258

Flag-STT3B

Flag-DAD1

GFP
Flag-D

AD1

STT3B-Flag
IP

: F
la

g

D

B

Fig. S12. Localization of TMEM258 and its association with the conserved OST complex. (A) 
Association of TMEM258 with Flag-tagged subunits OST complex (DAD1 and STT3B) as assessed 
by immunoblot analysis with antibodies directed against TMEM258. (B) Localization of hemaggluti-
nin (HA)-tagged TMEM258 with the endoplasmic reticulum-resident transporter TAP1 fused to red 
fluorescent protein (RFP). Cells were stained with HA-specific antibodies (upper picture) and imaged 
for RFP (middle image). (C) Viability of HeLa cells transfected with control siRNAs and siRNAs 
targeting TMEM258 stained after 8 days using crystal violet. (D) Immunoblot showing depletion of 
TMEM258 following transfection of HeLa. (E) Phylogenetic trees from eggNOG 3.0 of human genes 
STT3A/B, DAD1, DDOST, and TMEM258 pruned to the selected species. TMEM258 appears to 
have a lower degree of conservation in phylogenetic comparisons.
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Fig. S13. Expression of RAB1A and RAB1B in HAP1 cells and knockout derivatives. (A) HAP1 
cells and cells deficient for either RAB1A or RAB1B were analyzed by immunoblotting using antibod-
ies directed against RAB1A or RAB1B. (B) Unique gene-trap integrations in RAB1A and RAB1B 
mapped in wild-type HAP1 and respective RAB knockout cell lines.
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Fig. S14. Generation of HAP1 knockout cells for the indicated genes using genome editing. 
CRISPR sequences were designed to cleave into coding exons located at the 5’ region of the indicated 
genes. Most mutant alleles were generated by co-transfection of a plasmid that contains a U6-expres-
sion cassette directing the expression of a guide RNA to program CAS9-induced cleavage of the same 
plasmid. This releases a DNA fragment containing the 2A sequence fused to a promoter-less Blasti-
cidin resistance cassette that contained a stop codon and polyadenylation signal. Subsequently, cells 
were selected with Blasticidin, resistant clones were expanded and this led to identification of cell lines 
that carried the resistance cassette inserted into the endogenous CRISPR-targeted exonic sequence. 
TSSC1-deficient cells were generated using the same method, except using a puromycin-resistance 
gene instead of Blasticidin. For RAB1B a similar strategy was used but a cassette was integrated that 
also contained a CMV promoter to direct expression of a Blasticidin-resistance gene. PTAR1-deficient 
cells were generated using TALENs and clonal cell lines were identified that carried indels leading to 
frameshift mutations in the coding sequences as indicated.
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Fig. S15. Comprehensive overview of synthetic lethality screens. Genes with a significant change in 
essentiality as compared to four independent wild-type datasets are indicated on the non-normalized 
data for each genotype and independent replicate (#1, #2, #3). For statistical analysis the datasets are 
normalized according to gene essentiality distribution of the aggregated wild-type essentialome (left) 
and genes shifting from fitness-neutral to essential are colored in red, while essential genes with an 
increased depletion for sense-insertions are highlighted in yellow.
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Figure S16-1

Fig. S16. Reproducibility of synthetic lethal interactions. Ratios of sense insertions in all biological 
replicates for all genes detected as synthetic lethal with at least one query gene are shown. Green dots 
represent average ratio in the wild-type HAP1 replicates and blue dots represent average ratios in query 
knockouts. The ~2 (~3) suffixes to the gene names indicate that the 2nd (3rd) transcript of a given gene 
was detected as synthetic lethal. If more than one transcript is detected as synthetic lethal, only the 1st 
transcript (without a ~ suffix in the name) is shown.
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Figure S16-1

Fig. S16. (Continued)
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Figure S16-3

Fig. S16. (Continued)
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Figure S16-4

Fig. S16. (Continued)
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Figure S16-5

Fig. S16. (Continued)
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Fig. S17. Properties of synthetic lethal (SL) interactions in the secretory pathway. (A) The top-4 
enriched gene annotation terms associated with interaction partners for the uncharacterized query gen-
otypes PTAR1, C10orf76, and TSSC1 are provided with Benjamini-corrected P-values. (B) Summary 
of observed of synthetic lethal (SL) interactions in the secretory pathway. For each query genotype, 
the total number of SL interactions is subdivided into genes that shift from fitness-neutral to essential 
and genes for which the essentiality bias increases. The fraction of interacting genes with additional 
connections (% interconnected) and the percentage of interacting genes that function in the secretory 
pathway are also listed for every query genotype.
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Fig. S18. Growth suppressive genes that are commonly enriched for sense orientation insertions 
in wild-type KBM7 or HAP1 cells. (A) Scatterplot showing orientation bias in KBM7 cells for 
commonly enriched genes. Numerous of these genes are well-studied negative regulators of growth-
promoting signaling pathways, such as BCR-ABL signaling, and pro-apoptotic genes. (B) Similar plots 
for HAP1 cells, in which commonly enriched genes are known negative regulators of PI3K-signaling 
(e.g. PTEN), Hippo signaling (e.g. SAV1), and cell cycle inhibitors (e.g. RB1).
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Fig. S19. GOLGA5 acts as suppressor for PTAR1 for Golgi morphology and function. (A) HAP1 
cells, PTAR1-deficient cells, PTAR1-deficient cells complemented with a PTAR1 cDNA and cells 
deficient for both PTAR1 and GOLGA5 were stained to determine expression levels and localization 
of GOLGA5 (green). As shown in Fig. 4 PTAR1-deficient cells display abnormal Golgi morphology, 
which could be restored by re-introduction of PTAR1. PTAR1-deficient cells show normal expression 
and Golgi localization of GOLGA5. Nuclei are stained in blue. Scale bars: 10µm. (B) The Golgi mor-
phology in cells lacking PTAR1 and in double-knockout cells for PTAR1 and GOLGA5 using immu-
nofluorescence for the Golgi-resident protein Giantin (green). Wild-type cells and PTAR1 knockout 
cells that were reconstituted with PTAR1 were used as controls and the nuclei were stained in blue. 
(C) Cell surface glycosylation in cells deficient for PTAR1 with an intact or mutated GOLGA5 allele, 
or reconstituted with a virus directing the expression of PTAR1 immunostained using an antibody 
specific for heparan sulfate and subjected to flow-cytometric analysis. The relative average staining 
intensity (compared to wild-type HAP1 cells) and standard deviation of three experiments is indicated. 
(D) Geranylgeranylation of RAB1A and RAB1B in wild-type and PTAR1-deficient cells detected after 
supplying cells with a clickable geranylgeranyl azide (GerGer-N3). After cell lysis GerGer-N3 was 
coupled to biotin using click chemistry and proteins were captured using streptavidin-coated beads. 
Eluted proteins were analyzed by immunoblotting. HAP1 cells not exposed to GerGer-N3 were used 
as control.
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Fig. S20. A haploid genetic host factor survey for coxsackievirus A10 infection identifies C10orf76 
as well as PI4KB. (A) Schematic outline of the haploid genetic screen. 100 million HAP1 cells were 
mutagenized with the gene-trap vector and expanded and exposed to coxsackievirus A10. Genomic 
DNA was isolated from mutagenized cells that had not been exposed to coxsackievirus A10 as well as 
from the virus-selected cell population, Gene-trap insertion sites were mapped and genes that showed 
an enrichment in sense-orientation gene-trap integrations in the virus-selected population but not 
in the control cell population were identified and this included C10orf76 and PI4KB. (B) The ori-
entation of gene-trap integrations in C10orf76 and PI4KB in the virus-exposed population showed 
a bias towards insertions in the disruptive orientation, indicating virus-induced selective advantage 
for knockouts of these specific genotypes. (C) Viral sensitivity of wild-type cells, cells deficient for 
C10orf76 and knockout cells reconstituted with the C10orf76 cDNA were exposed to coxsackievirus 
A10 (Cox A10), coxsackievirus B1 (Cox B1), vesicular stomatitis virus (VSV) or herpes simplex virus 
(HSV1) as detected by crystal violet staining. Uninfected cells served as a control. (D) Coxsackievirus 
A10 amplification after restoration of C10orf76 expression measured by single molecule fluorescent 
in situ hybridization (smFISH) to localize individual viral genomes (red). Intracellular viral RNA was 
first detected after 30 minutes. Increased RNA signal after 300 minutes indicates RNA replication. (E) 
Electron micrographs of wild-type cells, cells deficient for C10orf76 and knockout cells reconstituted 
with the C10orf76 cDNA exposed to coxsackievirus A10 indicating the absence of replication vesicles 
in the cytoplasm of C10orf76-deficient cells.
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Fig. S21. Activity and localization of PI4KB and relocalization of C10orf76 following chemical 
inhibition. (A) Golgi PI(4)P staining and inhibitor-induced localization of PI4KB in wild-type cells 
and C10orf76-deficient cells exposed to the PI4KB inhibitor PIK-93. (B) C10orf76-deficient cells 
were transduced with a retrovirus directing the expression of Flag-tagged C10orf76 and exposed to the 
PI4KB inhibitor PIK-93. Cells were analyzed by immunostaining using Flag antibodies and antibodies 
directed against PI4KB.
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Fig. S22. Comparison of gene-trap and CRISPR datasets as presented by Wang et al. with gene-
trap datasets obtained in this study in KBM7 cells. (A) Comparison of KBM7 datasets obtained 
using gene-trap mutagenesis between Wang et al. and Blomen et al. The significance threshold is based 
on noise modeling as described in the methods. (B) Venn diagram showing the overlap of the essential 
genes identified in (A). (C) Venn diagram showing the overlap of the essential genes identified using 
CRISPR-Cas (Wang et al.) or gene-trap mutagenesis (Blomen et al.) for the set of genes that can in 
principle be identified by both technologies (see supplemental discussion for details).
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Figure S23
BA

Fig. S23. Normalization of datasets for synthetic lethality analysis. (A) A scatterplot of ratio of 
sense insertions in wild-type replicate 1 versus in RAB1B knockout replicate 3. Only genes with at 
least 50 insertions are shown. The red diagonal marks identical ratios between the two replicates. The 
overall depletion is stronger in the RAB1B-3 replicate as the majority of genes with ratio < 0.5 lie under 
the red diagonal. (B) The observed data are re-centered back along the red diagonal after the median 
preserving normalization described in the method section.
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As key executers of biological functions, the activity and abundance of 
proteins are subjected to extensive regulation. Deciphering the genetic 
architecture underlying this regulation is critical for understanding 
cellular signalling events and responses to environmental cues. Using 
random mutagenesis in haploid human cells, we apply a sensitive ap-
proach to directly couple genomic mutations to protein measurements 
in individual cells. Here we use this to examine a suite of cellular 
processes, such as transcriptional induction, regulation of protein 
abundance and splicing, signalling cascades (mitogen-activated protein 
kinase (MAPK), G-protein-coupled receptor (GPCR), protein kinase 
B (AKT), interferon, and Wingless and Int-related protein (WNT) 
pathways) and epigenetic modifications (histone crotonylation and 
methylation). This scalable, sequencing-based procedure elucidates 
the genetic landscapes that control protein states, identifying genes 
that cause very narrow phenotypic effects and genes that lead to broad 
phenotypic consequences. The resulting genetic wiring map identifies 
the E3-ligase substrate adaptor KCTD5 (ref. 1) as a negative regulator 
of the AKT pathway, a key signalling cascade frequently deregulated 
in cancer. KCTD5-deficient cells show elevated levels of phospho-AKT 
at S473 that could not be attributed to effects on canonical pathway 
components. To reveal the genetic requirements for this phenotype, we 
iteratively analysed the regulatory network linked to AKT activity in 
the knockout background. This genetic modifier screen exposes sup-
pressors of the KCTD5 phenotype and mechanistically demonstrates 
that KCTD5 acts as an off-switch for GPCR signalling by triggering 
proteolysis of Gβγ heterodimers dissociated from the Gα subunit. 
Although biological networks have previously been constructed on the 
basis of gene expression2, 3, protein–protein associations4, 5, 6, or genetic 
interaction profiles7, 8, we foresee that the approach described here will 
enable the generation of a comprehensive genetic wiring map for hu-
man cells on the basis of quantitative protein states.
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Genetic perturbation approaches have been employed to study the wiring of 
human cells using (trans)gene expression9, 10, 11, 12 or cell viability as readouts13. 
However, many cellular events do not affect cell fitness or result in large transcrip-
tional effects. Using protein states as readouts for phenotypes12, 14, 15, we apply 
random mutagenesis in haploid cells to directly link genome mutations to protein 
phenotypes within the same cell.

Induction of the interferon-regulatory factor 1 (IRF1) by interferon-γ is under 
strong genetic control. We used this as a proof of concept to determine whether 
the genomic elements required for this phenotype could be revealed. A population 
of 108 gene-trap mutagenized human haploid HAP1 cells13, 16, 17 were expanded, 
fixed, permeabilized, and stained using antibodies directed against IRF1 before 
fluorescence-activated cell sorting (FACS) (Fig. 1a). Two populations of 1.5 × 107 
cells, corresponding to the cells with the highest and lowest IRF1 protein abun-
dance, were isolated and used for mapping the gene-trap integrations. Because of 
the high complexity of the library, the effect of genes on a measured phenotype 
could be assessed by counting the number of unique genomic mutations in each 
channel rather than by measuring the abundance of few distinct mutants. Ap-
proximately 1.5 × 107 gene-trap integration events were mapped in both popula-
tions, resulting in approximately one cell accounting for each mapped mutation. 
This pointed out all described pathway components18 including STAT1, for which 
a high number of disruptive mutations were identified in the ‘low’ population and 
few in the ‘high’ population (135 versus 2 independent mutations, false discovery 
rate-corrected P value = 4.3 × 10−37) and additional regulators (Fig. 1b, Extended 
Data Fig. 1a and Supplementary Table 1).

To identify genetic regulators affecting different protein fates, we used a 
series of specific antibodies to study protein phosphorylation (p38, ERK), splic-
ing (XBP1), methylation (H3K27), crotonylation (H2AK119), glycosylation 
(LAMP1), and proteolysis (β-catenin) (Fig. 1c–i, Extended Data Fig. 1b and 
Supplementary Tables 2–8). In all cases, mutations in the gene encoding, or re-
quired for generation of, the antibody target were expectedly enriched in the ‘low’ 
cell population. For example, we identified the PRC2 complex (EED, EZH2, 
and SUZ12; Fig. 1f ), which mediates trimethylation of H3K27 (ref. 19), and the 
acetyltransferase EP300 (Fig. 1g), which was shown to transfer a crotonyl mark 
on histones20. In addition to the genes required for the respective antibody targets, 
numerous factors known to affect the trait of interest were identified. These in-
cluded a series of lysosomal storage disease genes that affect the abundance of the 
lysosomal marker LAMP1, which is in agreement with the increased number of 
enlarged lysosomes observed in cells derived from patients with lysosomal storage 
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Figure 1. Genetic wiring maps for protein phenotypes measured in cultured human cells. (A) Mu-
tagenesis-based approach in haploid cells to study protein phenotypes (see Supplementary Table 16). 
(B-I) Genetic screens using antibodies for the indicated targets. Per gene (dots), the frequency of muta-
tions in the ‘high’ channel divided by the frequency of mutations in the ‘low’ channel is plotted as the 
mutation index (MI, y axis) against the total number of mutations assigned to the gene (x axis). Genes 
enriched in either channel (two-sided Fisher’s exact test, false discovery rate-corrected P ≤ 0.05) are 
coloured (yellow, negative regulators; blue, positive regulators) and selected regulators are labelled; (B) 
induced IRF1, (C) phosphorylated p38(Thr180/Tyr182); (D) phosphorylated ERK(Thr202/Tyr204); 
(E) spliced XBP1; (F) trimethylated histone H3(K27); (G) crotonylated histone H2A(K119); (H) 
glycosylated LAMP1 (LSD, lysosomal storage disease); (I) non-phosphorylated (active) β-catenin 
(Ser33/37/Thr41).
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disease (Fig. 1h)21. In summary, genetic regulators affecting a variety of protein 
states in human cells could be identified.

In addition to previously identified regulators, these genetic surveys identi-
fied numerous loci affecting the protein phenotypes studied, suggesting that 
these traits could be controlled by extensive genetic networks. Assuming only 
expressed genes could affect a phenotype, we determined gene expression levels 
in HAP1 cells by RNA sequencing (RNA-seq) (Supplementary Table 9) and 
examined the identified regulators for each query phenotype. Importantly, the 
25% lowest or non-expressed genes rarely affected phenotypes, suggesting few 
false positives among the identified genetic regulators (Extended Data Fig. 2). 
Next, we classified the identified regulators across all query phenotypes. This 
showed that some regulators affect a single measured trait whereas others display 
a broader phenotypic range (Fig. 2a). Examining functionally related genes linked 
to multiple phenotypes, we noticed similar behaviour across screens (Fig. 2a). We 
observed that the most strongly enriched Reactome term for genes connected to 
more than one phenotype was chromatin biology (Fig. 2b), as seen for hubs in 
genetic interaction networks7, and more connected genes engaged more frequently 
in protein–protein interactions or affected cell fitness (Extended Data Fig. 3). 
Conversely, Reactome terms related to the specific query trait were identified for 
most regulators connected to only one trait (Fig. 2b). Finally, we assigned human 
genes in groups of approximately 1,000 on the basis of expression levels in HAP1 
cells. We observed that transcription levels of a gene related to its likelihood of 
being found as a regulator (Extended Data Fig. 4). Together, these results suggest 
that protein outputs are under complex genetic control, that this regulation is 
disproportionally elicited by the most highly expressed genes, and that regulators 
can be classified by their phenotypic range.

The identification of genes affecting cellular phenotypes opens the possibility 
of expanding known biological pathways. The AKT cascade affects many aspects 
of cell biology such as proliferation, cell survival, and metabolism22. Expectedly, 
many known pathway components were readily identified in a genetic screen 
measuring AKT phosphorylation at S473 (Fig. 2c, Extended Data Fig. 5 and 
Supplementary Table 10). Notably, the cullin E3 ligase adaptor KCTD5 (ref. 
1) (but no other KCTD family member; Extended Data Fig. 6) was identified 
as a potent negative regulator together with CUL3 itself, and their observed 
phenotypes could be verified in different human cell lines using immunoblot 
analyses (Extended Data Fig. 7a, b). Because KCTD5-deficient cells displayed 
elevated phospho-AKT (pAKT) levels that could not be explained by effects on 
the examined canonical pathway components (Extended Data Fig. 7c), we ap-
plied a genetic suppressor approach to dissect the underlying mechanism (Fig. 2d) 
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by using the abundance of pAKT as a readout in KCTD5-deficient HAP1 cells 
(Fig. 2e and Supplementary Table 11). As expected, KCTD5 was not identified, 
but importantly neither was CUL3, indicating that the effect of CUL3 on pAKT 
requires KCTD5. Notably, when regulators of pAKT levels were compared be-
tween wild-type and KCTD5-deficient cells, a set of genes was identified that 
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Figure 2. Protein phenotypes are regulated by extensive genetic networks and can be influenced 
by suppressor interactions. (A) Mutation index of selected genes is plotted per screen (red, negative 
regulator; blue, positive regulator; grey, not significant). (B) Network depicting query phenotypes (or-
ange diamonds) connected to identified regulators (nodes). Unique regulators are grouped in the outer 
rim (indicating selected Reactome terms), while genes connected to multiple phenotypes are grouped 
towards the centre. (C) Genetic screen for pAKT. (D) Genetic suppressor approach to study KCTD5 
mechanism. (E) Screen for pAKT in ΔKCTD5 cells. (F) Top Reactome terms identified specifically in 
KCTD5-deficient cells. PIP3, phosphatidylinositol-3,4,5-trisphosphate.
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represented potent drivers of pAKT levels in KCTD5-deficient but not wild-type 
cells (Fig. 2c, e, f ). These corresponded to G-protein β and γ subunits (GNB1, 
GNB2, and GNG5), their chaperone PDCL23, required to generate Gβγ dimers, 
and their effector PI3KCB24, 25. Activation of PI3KCB by Gβγ is known to activate 
AKT signalling. This genetic modifier screen suggests that the activation of AKT 
by Gβγ is suppressed by KCTD5/CUL3.

We then used label-free quantitative proteomics to compare wild-type and 
KCTD5-deficient cells to identify substrates of KCTD5/CUL3. Hypothesiz-
ing that KCTD5 substrates are ubiquitinated and subsequently degraded, we 
searched for potential substrates and identified 70 proteins (out of a total of 
3,701 quantified proteins; Supplementary Table 12) with increased abundance 
in KCTD5-deficient cells (Fig. 3a and Supplementary Table 12). In parallel, we 
used the ubiquitin remnant motif antibody (di-Gly) to purify and quantify ubiq-
uitinated proteins, yielding 217 downregulated ubiquitination sites (out of a total 
of 2,417 quantified sites) (Fig. 3b and Supplementary Table 12). Comparison 
of both datasets yielded only four proteins that showed fewer di-Gly remnants 
in KCTD5- deficient cells and increased protein levels. Remarkably, three out 
of four hits encoded Gβγ subunits (GNB1, GNB2, and GNG5) (Fig. 3c and 
Supplementary Table 13). Western blot analysis confirmed that both KCTD5 and 
CUL3 knockout cells contained elevated levels of GNB1 and GNG5 (Fig. 3d and 
Extended Data Fig. 8a). Together with the genetic suppressor screen, these data 
suggest a model in which KCTD5 limits pAKT activation through ubiquitin-
mediated proteolysis of Gβγ.

To determine the circumstances under which KCTD5 mediates degradation of 
Gβγ, we designed a comparative genetic strategy: using our FACS-based screening 
approach, we identified genes affecting GNB1 abundance both in wild-type and 
in KCTD5-deficient HAP1 cells and searched for genotype-specific regulators. 
GNB1 was strongly enriched for disruptive mutations in the ‘low’ channel and 
KCTD5 stood out as a strong negative regulator in the wild-type screen, inde-
pendently confirming that it acts as an important regulator of GNB1 abundance 
(Fig. 3e and Supplementary Table 14). Notably, intersection of the wild-type and 
ΔKCTD5 datasets revealed that the Gα subunits GNAI1, GNAI2, GNAI3, and 
RIC8A (encoding a protein required for Gα subunit abundance)26 specifically 
regulated GNB1 levels in wild-type cells (Fig. 3f and Supplementary Table 15). 
This could be confirmed by western blot analysis using cells deficient for RIC8A 
in the absence or presence of KCTD5 (Fig. 3g). Because loss of Gα subunits 
decreases GNB1 levels in a KCTD5-dependent manner, it is possible that 
KCTD5 specifically targets those Gβγ dimers dissociated from Gα subunits for 
degradation. Indeed, KCTD5 associated with Gβγ subunits but could not be 
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Figure 3
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detected in complex with purified Gα subunits (Fig. 3h). Moreover, the addition 
of recombinant KCDT5 protein to immobilized Gαβγ resulted in binding of 
KCTD5 to the Gβγ and simultaneous dissociation of Gα, demonstrating that Gα 
and KCTD5 bind to Gβγ dimers competitively (Fig. 3i). Finally, mutations in Gβ 
subunits have been observed in a variety of solid cancers and myeloid malignan-
cies27. These oncogenic Gβ subunits potently trigger AKT phosphorylation be-
cause of their inability to interact with Gα27. Intriguingly, those oncogenic GNB1 
point mutations also attenuated KCTD5 binding (Fig. 3j). We propose that this 
attenuated binding contributes to the oncogenic activity of GNB1 point mutants, 
since liberation of wild-type Gβγ through Gα depletion (as in RIC8A knockout 
cells) did not increase AKT phosphorylation when KCTD5 was present (Fig. 3g).

GPCRs are the largest receptor family mediating many physiological responses. 
Their activity is tightly controlled and reset upon activation. Although the activity 
of Gβγ dimers can be neutralized through re-association with Gα subunits, we 
here present an unexpected proteolysis-based mechanism, which irreversibly re-
moves dissociated Gβγ dimers, limiting activation of their effector molecule PI3K 
(Fig. 3k). Although other KCTD proteins have been linked to GPCR signalling 
before28, these were associated with specific receptor sub-complexes and did not 
trigger proteolysis because of their inability to interact with CUL329, 30.

By examining a variety of protein-related phenotypes, we reveal extensive 
underlying genetic networks enriched for highly transcribed genes. The identifica-
tion of genetic suppressors in modifier screens can readily provide mechanistic 
insights into the investigated phenotypes. Together, these genetic explorations 
applicable to any specific antibody may facilitate the generation of a phenotypic 
map for human cells.
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No statistical methods were used to predetermine sample size. The experiments 
were not randomized. The investigators were not blinded to allocation during 
experiments and outcome assessment.

Cell lines and culture
HAP1 cells17 were cultured in IMDM-medium (ThermoFisher Scientific) supple-
mented with 10% heat-inactivated fetal calf serum (FCS; ThermoFisher Scien-
tific or Sigma) and penicillin–streptomycin–glutamine solution (ThermoFisher 
Scientific). HEK293T-, SKBR3-, A549-, and U2OS cells were obtained from 
authentic stocks (American Type Culture Collection) and maintained in DMEM 
(ThermoFisher Scientific) containing the aforementioned supplements. HAP1 
wild-type and knockout cell lines were monitored for ploidy, authenticated by 
genotyping, and all lines were tested for mycoplasma and verified to be negative.

Generation of knockout cell lines
Knockout cell lines (Supplementary Table 17) were generated by using the 
CRISPR/Cas9 system. HAP1 cells were transfected with the plasmid px330 
(Addgene 42230) containing the guide RNA (gRNA) for a gene of interest 
(Supplementary Table 18) and a vector containing a gRNA to the zebrafish TIA 
gene (5′-G G T A T G T C G G G A A C C T C T C C -3′) as well as a P2A-blasticidin resis-
tance cassette flanked by two TIA target sites. This allowed incorporation of the 
blasticidin resistance gene into the locus, resulting in a stable knockout similarly 
as described31. After blasticidin selection (10 µg ml−1), resistant clones were ex-
panded. To create double knockouts, KCTD5-knockout cells were transfected 
with two gRNAs targeting RIC8A.

In contrast to HAP1 cells, HEK293T cells were co-transfected with two differ-
ent gRNAs (px330) and pMX-ires-Blast, followed by blasticidin selection (80 µg 
ml−1). gRNAs against KCTD5 were also cloned into a lentiviral red fluorescent 
protein (RFP)–CRISPR backbone (Addgene 75162). SKBR3-, A549-, and U2OS 
cell lines were infected with lentiviral supernatant and RFP-positive cells were 
sorted after 4 days.

Generating libraries of mutagenized HAP1 cells
To produce gene-trap retrovirus required for mutagenesis of HAP1 cells, HEK293T 
cells were seeded in T175 flasks at 40% confluence. Medium was replaced with 
DMEM supplemented with 30% FCS before transfection with 6.6 µg gene-trap 
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vector and either green fluorescent protein32 or blue fluorescent protein. In addi-
tion, the packaging plasmids Gag-pol, VSVg, and pAdv16 were co-transfected. Viral 
supernatant was harvested 48 h after transfection and subsequently concentrated 
by ultracentrifugation at 22,000 r.p.m. for 2 h at 4 °C. Pellets were resuspended in 
200 µl phosphate buffered saline (PBS, Life Technologies) and stored overnight at 
4 °C. This procedure was repeated twice a day for 3 consecutive days.

To mutagenize HAP1 cells, 40 million cells were seeded and transduced with 
concentrated virus in the presence of 8 µg ml−1 protamine sulphate (Sigma). After 
two additional rounds of transduction (>90% fluorescent cells), the mutant library 
was expanded before analysis of an intracellular phenotype by FACS staining.

FACS-based phenotypic screens
Mutagenized HAP1 cells (3 × 109) were either treated to induce the phenotype 
of interest (Supplementary Table 16) or directly harvested by dissociation 
(trypsin-EDTA, Life Technologies). To fix the state of a particular phenotype, 
dissociated cells were resuspended in a volume of BD fix buffer I (BD Biosciences) 
corresponding to pellet volume at 37 °C for 10 min. Cells were washed with PBS 
containing 10% FCS and subsequently permeabilized for 30 min on ice using 
cold BD permeabilization buffer III (BD Biosciences). After washing twice in 
PBS/10% FCS, cells were filtered through a 40 µm strainer (BD Falcon). Primary 
antibody staining was performed in 100 µl per 107 cells (Supplementary Table 18) 
for 1 h at room temperature. After two washing steps (PBS/10% FCS), cells were 
incubated with secondary antibodies (coupled to Alexa Fluor 488, 568, or 647, 
Life Technologies) at 1:1,000 dilution for 1 h, protected from light. DNA was 
counterstained using either 1 µg ml−1 4′,6-diamidino-2-phenylindole (DAPI) or 
10 µg ml−1 propidium iodide (Life Technologies) solution. If propidium iodide 
staining was performed, cells were also treated with 100 µg ml−1 RNase A (Qia-
gen).

Depending on the gene-trap fluophore/secondary antibody fluophore combina-
tion, cells were sorted on an Astrios Moflo or a Biorad S3 cell sorter, using ap-
propriate laser-filter combinations. For every phenotype of interest, the specificity 
of the staining was determined with a negative (no primary antibody) control. To 
remove diploid cells containing heterozygous mutations, cells were first gated on 
the basis of DNA content (1n). Subsequently, gates were set on the basis of the 
log(signal intensity) in the appropriate channel, to include the lowest (dim) and 
highest (bright) 1–5% of the whole cell population. Cells (8 × 106 to 20 × 106) 
were sorted into PBS/FCS for low and high populations each.
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Amplification of insertion sites
After sorting, insertion sites were retrieved similarly as described13. Briefly, cells 
were pelleted by centrifugation and resuspended in a 1:1 mix of PBS and lysis 
buffer AL (Qiagen) with the addition of proteinase K. De-crosslinking was per-
formed overnight at 56 °C with agitation, and genomic DNA was purified with 
a QIAamp DNA Mini Kit (Qiagen) and used as input for linear amplification-
mediated polymerase chain reactions (LAM-PCR). These were performed in a 
total volume of 50 µl with 0.5–2 µg genomic DNA, 1 mM MgSO4, 0.75 pmol 
double-biotinylated primer (5′/double biotin/G G T C T C C A A A T C T C G G T G G A 
A C -3′), Accuprime Taq HiFi (0.4 µl), and the supplied buffer II (Life Technolo-
gies) and amplified for 120 cycles.

PCR reactions were pooled, and biotinylated single-stranded DNA (ssDNA) was 
isolated by addition of 2× binding buffer (6 M LiCl, 10 mM Tris, 1 mM EDTA, 
pH 7.5) and M270 streptavidin-coated Dynabeads (Life Technologies) for 2 h at 
room temperature.

Bead-coupled DNA was washed with PBS containing 0.05% Triton X-100 
(Sigma). Before introducing Illumina sequencing adaptors, ssDNA linkers were 
ligated to the non-biotinylated (3′) end of the PCR products using one of the 
following two protocols. Depending on the number of LAM-PCR reactions (N), 
the ligation was performed in a total volume of N × 10 µl, using N × 12.5 pmol ss-
DNA linker (5′/phospho/A T C G T A T G C C G T C T T C T G C T T G A C T C A G T A G T 
T G T G C G A T G G A T T G A T G /dideoxycytidine/3′), 2.5 mM MnCl2, 1 M betaine, 
N × 0.5 µl of Circligase II (Illumina), and supplied reaction buffer. Alternatively, 
we used N × 12.5 pmol of a pre-adenylated linker (5′/adenyl/A T C G T A T G C C G 
T C T T C T G C T T G A C T C A G T A G T T G T G C G A T G G A T T G A T G /dideoxycyti-
dine/3′) and 2 µg Escherichia coli-purified TS2126 thermostable RNA ligase 1 
from Thermus scotoductus bacteriophage33 in an N × 10 µl reaction containing 
18.75% PEG6000, N × (2.5 µg BSA, 2.5 mM MnCl2, 1 µl buffer (500 mM 
MOPS, 100 mM KCl, 50 mM MgCl2, 10 mM dithiothreitol)). Ligation was per-
formed at 60 °C for 2 h in non-stick 1.5 ml tubes (Life Technologies), followed by 
three wash steps with PBS/0.05% Triton X-100 (Sigma). To introduce the adaptor 
sequences required for Illumina sequencing (P5 and P7), 50 µl reactions were set 
up (one for two LAM-PCR reactions), containing 25 pmol of each primer, 5 µl 
buffer II, and 0.6 µl Accuprime Taq HiFi.

Eighteen cycles of PCR were performed at an annealing temperature of 55 °C for 
30 s followed by an extension (at 68 °C) for 105 s, using primers 5′-A A T G A T A C 
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G G C G A C C A C C G A G A T C T G A T G G T T C T C T A G C T T G C C -3′ and 5′-C A A G 
C A G A A G A C G G C A T A C G A -3′. Libraries were purified with PCR purification 
columns (Qiagen) and sequencing was performed with a concentration of 18 pM 
per lane (51-bp or 65-bp single reads) on either HiSeq2000 or HiSeq2500 instru-
ments (Illumina) using sequencing primer 5′-C T A G C T T G C C A A A C C T A C A G 
G T G G G G T C T T T C A -3′.

Insertion site mapping and analysis
After deep sequencing of the low- and high-sorted populations, gene-trap inser-
tion sites were determined as unique reads aligning unambiguously to the human 
genome (hg19) using Bowtie34, allowing for a single mismatch. Aligned reads 
were mapped using hg19 protein-coding gene coordinates (Refseq) to identify 
intragenic insertion sites and their orientation with respect to the gene using 
intersectBED35. For this analysis, insertion sites integrated in sense within a gene 
were considered disruptive. To prevent potential confounding, insertion sites in 
genomic regions assigned to overlapping genes were discarded, as well as inte-
grations in the 3′ untranslated region (UTR) of genes as the gene-trap cassette 
might have been be less effective there in ablating gene function. To identify genes 
enriched for disruptive gene-trap integrations in either the high- or low-query 
populations, the number of unique disruptive mutations in each gene and in the 
total of one population (for example, signal high) was counted and compared with 
those values in the other population (for example, signal low) using a two-sided 
Fisher’s exact test. Resulting P values were adjusted for multiple testing using the 
Benjamini–Hochberg false discovery rate correction. For each gene, a mutation 
index (MI) was calculated corresponding to the ratio of the number of disruptive 
integrations per gene in both populations normalized by the number of total 
integrations in each channel:

MI	  =	  	   Number	  of	  sense	  insertions	  in	  gene	  in	  high	  population	  
(Total	  number	  of	  sense	  insertions	  in	  high	  population)	  -‐	  

(Number	  of	  sense	  insertions	  in	  gene	  in	  high	  population)	  /	  
	  

Number	  of	  sense	  insertions	  in	  gene	  in	  low	  population	  
(Total	  number	  of	  sense	  insertions	  in	  low	  population)	  -‐	  
(Number	  of	  sense	  insertions	  in	  gene	  in	  low	  population)	  

	  
For	  genes	  without	  a	  single	  insertion	  site	  in	  only	  one	  of	  the	  channels,	  a	  value	  of	  1	  was	  assigned	  
so	  as	  not	  be	  omitted	  from	  the	  plots.	  Reactome	  pathway36	  enrichment	  analysis	  for	  gene	  groups	  
was	  performed	  using	  ConsensusPathDB37,	  and	  network	  analysis	  was	  done	  in	  Cytoscape	  3.	  
	  
RNA-‐seq	  data	  of	  ten	  independent	  wild-‐type	  HAP1	  cells	  were	  aligned	  using	  Tophat38,	  assigned	  to	  
Ensembl	   genes,	   and	   expression	   levels	   determined	   by	  HTSeq-‐count39.	   Read	   counts	   in	   protein-‐
coding	  genes	  were	  normalized	   to	  10	  million	   reads	   followed	  by	   log2	   transformation.	   To	  avoid	  
negative	  normalized	  values,	  1	  was	  added	  to	  each	  gene	  expression	  value.	  To	  map	  mutations	  to	  
the	  genome,	  a	  file	  based	  on	  Refseq	  coordinates	  containing	  all	  unique	  genomic	  protein-‐coding	  
regions	  was	  used.	  Genes	  occurring	   in	  both	   the	  Ensembl-‐based	  expression	  data	  as	  well	  as	   the	  
Refseq-‐based	   insertion	   site	   data	   were	   considered	   for	   further	   expression	   analysis	   (16,800	  
genes).	  For	  the	  binned	  expression	  analysis,	  17	  bins	  of	  approximate	  equal	  size	  (~988	  genes	  per	  
bin)	  were	  created.	  
	  
KCTD5	  cloning	  and	  expression	  
The	   KCTD5	   gene	   was	   cloned	   into	   the	   pETNKI-‐strepII-‐3C-‐LIC-‐kan	   vector40	   for	   expression	   of	  
strepII-‐3C-‐KCTD5.	  The	  construct	  was	  transformed	  into	  E.	  coli	  BL21(DE3)	  and	  cells	  were	  grown	  in	  
Lysogeny	   broth	   (LB)	   medium	   supplemented	   with	   30 μg	   ml−1	   kanamycin	   at	   37 °C	   until	  
absorbance	  at	  600 nm	  was	  0.6.	  The	  temperature	  was	  decreased	  to	  20 °C	  and	  protein	  expression	  
was	  induced	  by	  addition	  of	  0.4 mM	  IPTG.	  After	  16 h	  of	  expression	  at	  20 °C,	  cells	  were	  harvested	  
by	   centrifugation.	   The	   cell	   pellet	   was	   resuspended	   in	   lysis	   buffer	   (50 mM	   Tris-‐HCl	   pH	   8.0,	  
250 mM	  NaCl,	   1 mM	  TCEP,	   and	   protease	   inhibitor	   tablet)	   and	   cells	  were	   lysed	   by	   sonication.	  
The	   lysate	  was	   cleared	   by	   centrifugation	   and	   the	   soluble	   fraction	  was	   applied	   to	   Streptactin	  
beads	  (IBA	  Lifesciences).	  Beads	  were	  washed	  with	  50 mM	  Tris-‐HCl	  pH	  8.0,	  250 mM	  NaCl,	  1 mM	  
TCEP,	  and	  protein	  was	  eluted	  by	  2.5 mM	  desthiobiotin	  in	  the	  same	  buffer.	  The	  strepII	  tag	  was	  
removed	  upon	   incubation	  of	   the	  protein	  with	  GST-‐3C	  protease	  overnight	   at	   4 °C.	   KCTD5	  was	  
further	  purified	  by	  size-‐exclusion	  chromatography	  on	  an	  S200	  16/60	  column	  (GE	  Healthcare)	  in	  
50 mM	  Tris	  pH	  8.0,	  250 mM	  NaCl,	  1 mM	  TCEP.	  KCTD5	  eluted	  from	  the	  column	  in	  a	  single	  peak.	  
Fractions	  containing	  the	  protein	  were	  pooled	  and	  glycerol	  was	  added	  (20%	  final	  concentration)	  
before	  the	  protein	  was	  concentrated	  and	  stored	  in	  aliquots	  at	  −80 °C.	  
	  
Conditioned	  medium	  
For	   the	  genetic	  screen	   for	  active	  β-‐catenin,	  before	  sorting	  HAP1	  cells	  were	  stimulated	   for	  4 h	  
with	  10%	  WNT3A-‐conditioned	  medium	  and	  4%	  R-‐spondin1-‐conditioned	  medium41.	  
	  

For genes without a single insertion site in only one of the channels, a value of 1 
was assigned so as not be omitted from the plots. Reactome pathway36 enrichment 
analysis for gene groups was performed using ConsensusPathDB37, and network 
analysis was done in Cytoscape 3.
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RNA-seq data of ten independent wild-type HAP1 cells were aligned using 
Tophat38, assigned to Ensembl genes, and expression levels determined by HTSeq-
count39. Read counts in protein-coding genes were normalized to 10 million reads 
followed by log2 transformation. To avoid negative normalized values, 1 was 
added to each gene expression value. To map mutations to the genome, a file based 
on Refseq coordinates containing all unique genomic protein-coding regions was 
used. Genes occurring in both the Ensembl-based expression data as well as the 
Refseq-based insertion site data were considered for further expression analysis 
(16,800 genes). For the binned expression analysis, 17 bins of approximate equal 
size (~988 genes per bin) were created.

KCTD5 cloning and expression
The KCTD5 gene was cloned into the pETNKI-strepII-3C-LIC-kan vector40 for 
expression of strepII-3C-KCTD5. The construct was transformed into E. coli 
BL21(DE3) and cells were grown in Lysogeny broth (LB) medium supplemented 
with 30 µg ml−1 kanamycin at 37 °C until absorbance at 600 nm was 0.6. The 
temperature was decreased to 20 °C and protein expression was induced by addi-
tion of 0.4 mM IPTG. After 16 h of expression at 20 °C, cells were harvested by 
centrifugation. The cell pellet was resuspended in lysis buffer (50 mM Tris-HCl 
pH 8.0, 250 mM NaCl, 1 mM TCEP, and protease inhibitor tablet) and cells 
were lysed by sonication. The lysate was cleared by centrifugation and the soluble 
fraction was applied to Streptactin beads (IBA Lifesciences). Beads were washed 
with 50 mM Tris-HCl pH 8.0, 250 mM NaCl, 1 mM TCEP, and protein was 
eluted by 2.5 mM desthiobiotin in the same buffer. The strepII tag was removed 
upon incubation of the protein with GST-3C protease overnight at 4 °C. KCTD5 
was further purified by size-exclusion chromatography on an S200 16/60 column 
(GE Healthcare) in 50 mM Tris pH 8.0, 250 mM NaCl, 1 mM TCEP. KCTD5 
eluted from the column in a single peak. Fractions containing the protein were 
pooled and glycerol was added (20% final concentration) before the protein was 
concentrated and stored in aliquots at −80 °C.

Conditioned medium
For the genetic screen for active β-catenin, before sorting HAP1 cells were 
stimulated for 4 h with 10% WNT3A-conditioned medium and 4% R-spondin1-
conditioned medium41.

Immunoprecipitations and immunoblotting
To detect protein–protein interactions, cells were lysed with ice-cold CHAPS 
buffer (30 mM Tris-Cl pH 7.5, 150 mM NaCl, 1% CHAPS) containing protease 
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and phosphatase inhibitor cocktail (Roche). After sonication, cell debris was pel-
leted and the cleared supernatant was incubated with anti-Flag M2 agarose beads 
(Sigma-Aldrich) at 4 °C for 2 h. An aliquot of the lysate was kept and served as 
input control. After five wash steps with CHAPS buffer, SDS sample buffer was 
added to the beads. After boiling the samples at 95 °C for 5 min, precipitated 
proteins were separated by gel electrophoresis. Proteins were transferred onto 
polyvinylidene fluoride (PVDF) membranes and detected with the indicated an-
tibodies (Supplementary Table 19). For gel source data, see Supplementary Fig. 1. 
For western blots, a representative example is presented obtained from at least two 
independent experiments.

Proteomics
For ubiquitination site profiling, 15 mg amounts of protein of KCTD5-knockout 
and wild-type HAP1 cells were alkylated with 10 mM chloroacetamide and 
digested overnight with trypsin (1:50 at 37 °C); for proteome profiling, 50 µg 
amounts were additionally pre-digested with LysC (1:75, 4 h at 37 °C). Ubiqui-
tinated peptides were enriched by immunoaffinity purification using a PTMScan 
Ubiquitin Remnant Motif (K-ε-GG) Kit (Cell Signaling Technology)42,43. (Ubiq-
uitinated) peptide mixtures were analysed by nanoLC-MS/MS on an Orbitrap 
Fusion Tribrid mass spectrometer equipped with a Proxeon nLC1000 system 
(Thermo Scientific) using a nonlinear 210 min gradient, as described previously44. 
Raw data files were processed with MaxQuant version 1.5.0.30, searching against 
the human-reviewed Uniprot database (October 2014, 20,195 entries). A false 
discovery rate was set to 1% for both protein and peptide levels, and GG(K) was 
set as an additional variable modification for analysis of ubiproteome samples. 
(Ubiquitinated) peptides and proteins were quantified with label-free quantita-
tion using default settings45.

Properties of genes with broader or narrower phenotypic range
Genes that scored significantly in at least one of the phenotypes analysed in this 
study (see Fig. 2b) were intersected with public protein–protein interaction data 
from BioGRID, release 3.4.144 (https://thebiogrid.org)46. BioGRID data were 
filtered for human proteins and physical interactions. Intersection of the data in 
this manner allowed 1,988 of 2,085 genes scoring in at least one genetic screen 
to be mapped to the protein–protein interaction data. For statistical analysis, 
these 1,988 genes were grouped into having a narrower phenotypic range (that 
is, scoring in one or two screens; 1,478 genes) or having a broader phenotypic 
range (that is, scoring in three or more screens; 510 genes). For these two groups, 
the difference in the number of protein–protein interactions was analysed us-
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ing an unpaired two-sided t-test. To test the representation of genes required for 
fitness in either group, the 2,085 genes contributing to at least one phenotype 
were intersected with fitness-affecting genes in HAP1 cells13. The proportion of 
fitness-related genes in either the narrower (that is, scoring in one or two screens) 
or broader (that is, scoring in three or more screens) phenotypic range group was 
tested using a χ2 test.

Data availability
All sequencing datasets have been deposited in the NCBI Sequence Read Archive 
under accession number SRP099134. In addition, all processed screen results are 
accessible in an interactive database (https://phenosaurus.nki.nl/). Source Data 
for the main and Extended Data figures are provided in the online version of the 
paper.

Code availability
Code used for data analysis or other data are available from the corresponding 
authors upon reasonable request.
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LMNB1-, and LMNA1-deficient HAP1 cells were treated with IFN-γ for the indicated amount of 
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Extended Data Figure 3. Analysis of genes linked to few or many phenotypes. (A) Number of 
reported physical protein–protein interactions as a function of the number of phenotypes analysed 
in this study affected by a gene. (B) As in A but with genes categorized as affecting either few (one or 
two; 1,478 genes) or many (three or more; 510 genes) traits. Two-sided unpaired t-test shows a modest 
but significant difference in the average number of protein–protein interactions between both groups. 
The y axis is cropped at 256 protein–protein interactions for better visibility and the median number 
of protein–protein interactions in each group is indicated. Box plots and error bars drawn according 
to Tukey’s representation. (C) Comparison of fitness contribution for genes affecting few (one or two) 
versus many (three to ten) phenotypes. Genes specifically required for fitness in HAP1 cells13 were 
intersected with the genes contributing to phenotype-affecting genes and the proportion occurring in 
either group was tested using a two-sided χ2 test.
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Extended Data Figure 5. Genetic wiring map for phosphorylation of AKT at S473 identifies 
known regulators of this process. Outcome of genetic screen for AKT phosphorylation at S473. Data 
were generated and analysed as in Fig. 1. Selected known factors affecting AKT phosphorylation are 
labelled and their role in the signalling cascade is indicated in the cartoon. Individual gene-trap inser-
tions (black dots) and their distribution across the gene bodies in the high and low channels (pAKT 
staining intensity) are shown for INPP4A and RICTOR.
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Extended Data Figure 7. KCTD5 regulates phosphorylation of AKT in different human cell lines 
without affecting levels of common regulators. (A) Immunoblot confirming the effect of KCTD5 
and CUL3 on AKT phosphorylation (S473) as detected in the genetic screen. Wild-type HAP1 cells 
and HAP1 cells deficient in KCTD5 or CUL3 were lysed and probed with specific antibodies by 
immunoblotting. (B) Indicated wild-type and KCTD5-deficient HEK293 cells (two independent 
clones) were lysed and probed with specific antibodies by immunoblotting. Three additional cell lines 
(SKBR3, A549, and U2OS) were infected with a mix of two different lentiviral gRNAs targeting 
KCTD5 (RFP–CRISPR backbone). RFP-positive cells were sorted after 4 days and immunoblotted 
with the indicated antibodies. (C) Wild-type or KCTD5-deficient HAP1 cells (three independent 
clones) were lysed and analysed with specific antibodies by immunoblotting.
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During the course of the studies described in this thesis, more than 500 million 
gene-trap mutations have been mapped to the human genome and linked to a 
variety of phenotypes. Three distinct forward genetic approaches using haploid 
human cells have been applied to examine resistance phenotypes, gene essentiality 
and quantitative cellular phenotypes. In addition, we have used these approaches 
to uncover genetic interactions, aiming to provide mechanistic insight into certain 
phenotypes that were identified. The approaches can aid in dissecting the intrica-
cies of genotype-phenotype connections as discussed in chapter 1.

reSISTanCe pHenoTypeS

Although mutations could be mapped in clonally derived haploid cells following 
a positive selection1, the approach described in chapter 3 facilitates the identifica-
tion of gene-trap integrations in a selected population of cells using deep sequenc-
ing2. As an advantage, selection screens can be analyzed faster and statistics can 
be applied to separate noise from significant outliers. This method has since been 
applied by a number of laboratories to study various phenotypes. For instance, us-
ing lethal doses of small molecules, this approach has been used to study resistance 
mechanisms. In some cases, genes were expectedly identified that directly affect 
the process modulated by the compound such as, PARP1 for the PARP-inhibitor 
olaparib3, DCK for decitabine2, or the death receptor FADD for TRAIL2. Surpris-
ingly, genes were frequently identified that do not directly impinge on the mecha-
nism of action, but instead affect drug uptake, which was the case for MFSDA2 
acting as a new transporter for tunicamycin4, the volume-regulated anion channel 
(VRAC) for cisplatin5, SLC35F2 for the survivin-inhibitor YM1556 and SLC16A1 
for 3-bromopyruvate7. This diversity of new uptake mechanisms is of interest, 
especially because medicinal chemists often assume that bioactive compounds 
enter human cells through diffusion, according to the Lipinski rules8. In addition 
to chemical compounds, the same approach has been applied by us and others to 
uncover resistance mechanisms for pathogens or pathogenic factors, often yield-
ing insight into their entry mechanisms in human cells9–17 (see also chapter 4).

Gene eSSenTIalITy

The genes required for survival have been charted for a number of organisms ame-
nable to mutagenesis18, although they have eluded systematic characterization in 
human cells prior to the introduction of mutational approaches. In chapter 5 we 
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describe an improved method to identify genes that are essential for the fitness of 
haploid human cells. Unlike positive selections, which involve the identification 
of mutations in a stringently selected (and thus genetically non-diverse) popula-
tion, negative selections require an overview of mutants present in a complex 
population to detect depleted mutations. To facilitate this, an optimized mapping 
procedure with the capacity to identify up to 25 million independent gene-trap 
insertion events in parallel was developed to identify genes required for the fit-
ness of KBM7 and HAP1 cells. Although gene essentiality in human cell lines 
had been previously studied using knockdown studies, a meta-analysis yielded 
only a relatively short list of a few hundred genes consistently depleted across 
studies19. We identified approximately 2000 genes required fitness in KBM-7 and 
HAP1 cells, a number that is comparable to independent studies carried out using 
CRISPR-Cas920,21, confirming that human cell lines require approximately 10% 
of their genes for fitness. 

As expected, essential genes have fewer paralogs, are highly expressed, have fewer 
annotated polymorphisms in the human population, and engage in more protein-
protein interactions. This was recently confirmed in a large-scale proteomics 
study examining over 25% of human genes22. The more central role in the human 
interactome is reminiscent of essential genes in yeast that more frequently engage 
in protein-protein23–25 and genetic interactions26,27, thereby acting as ‘hubs’ that 
either functionally or physically interact with a number of other genes. 

Despite their critical function, a surprising number of essential genes are not fully 
functionally annotated. We utilized a proteomics approach to identify protein-
protein interactions for a number of such uncharacterized essential genes to get 
an insight into their cellular function. In total, for 18 essential gene products, 
over 150 interactions were identified. The observed interactors were frequently 
essential gene products themselves and hint at potential functions in translation, 
trafficking, or RNA processing. As an example, the small transmembrane protein 
TMEM258, interacts with a number of components of the oligosaccharyltrans-
ferase complex (OST), a highly-conserved complex that resides in the ER and is 
essential for N-glycosylation of nascent polypeptides28. We show that in addition 
to its physical interaction, TMEM258 is required for proper OST complex-
mediated glycosylation. More recently, TMEM258 was confirmed to function as 
an OST complex subunit in mice, wherein heterozygous loss is sufficient to cause 
severe forms of colitis29. 
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The essential genes identified by mutagenesis of the human genome, together with 
those identified in parallel using CRISPR-Cas9 in additional cell lines, provide a 
first detailed classification of genes required for fitness in human cells, revealing that 
only 10% of the coding genome is required for fitness under standard conditions. 
Although the human genome contains more genes, a comparable proportion of 
gene dispensability is observed in less complex organisms throughout evolution, 
including prokaryotes such as bacteria18. While at the organismal level more genes 
may be required for fitness, recent studies indicate that individuals carry a surpris-
ingly high number of inactivated genes30–32. In addition, large-scale phenotyping 
studies show a proportion of 20-35% of knockout mice that exhibit no overt 
phenotype33,34. Overall, this suggests the human genome is robustly buffered to 
environmental and genetic perturbation35, similar to simple single-cell organisms.

QuanTITaTIve InTraCellular pHenoTypeS

The ability to sequence mutations from a crosslinked population of mutant cells 
makes it possible to interrogate phenotypes that are normally not measurable in 
living cells. The approach outlined in chapter 6 generates a snapshot of genetic 
regulators linked to protein states which we consider ‘molecular phenotypes’ or 
‘quantitative cellular traits’. We first apply this to identify positive and negative 
regulators of 10 diverse biological processes, including signal transduction path-
ways, epigenetic modifications, and organelle markers. For each trait, a number 
of expected genes were identified. These include, for example, the gene encoding 
for the antibody target (e.g. IRF1 in the screen for IRF1), the enzyme required for 
the antibody epitope (e.g. the PRC2 complex for trimethylated H3K27), but also 
canonical components of the queried pathways (e.g. KRAS for p-ERK). Surpris-
ingly, hundreds of additional genes impact the majority of the query phenotypes 
beyond the described components. This likely reflects a biological effect, consider-
ing that non-expressed genes are rarely linked to phenotypes. In fact, on average 
there is a positive relationship between RNA expression levels and phenotypic 
contribution.

Overall, more than 2000 genes were identified that modify 10 measured traits 
to various extents. Although many identified genes are specific to one particular 
phenotype, approximately half of the genes affect multiple traits, demonstrating 
pleiotropy is common to the genetic wiring of human cells. Gene products often 
function as components of larger multiprotein complexes and, in the examined 
cases, subunits of the same complex tend to influence the same phenotypes to 
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comparable extent (e.g. the nuclear lamina components LMNB1 and TMPO), 
often occurring as both positive and negative regulators for various processes. The 
genes with a broader phenotypic range are functionally enriched for epigenetic 
regulators, engage more frequently in protein-protein interactions, and are more 
frequently required for cellular fitness of HAP1 cells. This is akin to yeast genetic 
interaction hubs, which are similarly enriched for epigenetic regulators, pleiotro-
pic in nature, and frequently essential for fitness36.  

In yeast, a similar approach has been applied to identify variants that influence 
protein fate based on endogenous GFP-tagged query proteins37. This showed a 
high sensitivity to identify loci that influence protein fate even with small effect 
size, compared to previous studies that have examined quantitative trait loci based 
on expression or proteomics. However, in contrast to our findings in human cells, 
the number of identified loci influencing a protein state in yeast appears to be 
lower. Future studies can examine if this reflects the difference of using natural 
variation as opposed to a mutagenized population containing mostly knockout 
alleles, or whether this reflects the increased complexity of the human cell in 
comparison to a single cell organism. 

GeneTIC InTeraCTIonS

In this work, we have applied mutation-based genetics to examine the principles 
of genetic interactions in human cells. We describe different genetic interactions 
impinging on cell fitness, using the approach described in chapter 5, or affecting 
specific protein fates, as described in chapter 6 (Figure 1). These interactions can 
be used to characterize gene function and assign genes to biological processes, and 
to gain mechanistic insights into the observed phenotypes.
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Genetic interactions affecting cell fitness
In addition to examining gene essentiality under standard culture conditions, the 
advent of targeted nucleases38 could be leveraged to generate isogenic haploid 
knockout cell lines and subsequently examine the effects of genetic background 
on gene requirements. Initially, examining negative genetic interactions, where 
the fitness defect of two combined mutations is aggravated compared to the fitness 
of the single mutants, we constructed a synthetic lethality network focusing on 
four query genes assigned to the secretory pathway. A number of synthetic lethal 
interactions were identified for each query gene, with the majority of interactors 
compartmentalized to the secretory pathway. In addition, three uncharacterized 
genotypes that were identified as synthetic lethal interaction partners of the other 
four Golgi apparatus genes were queried for genotype-specific essentiality. The 
identified interactors connect strongly to the interaction network, implicating a 
functional link to the secretory pathway for C10orf76, TSSC1, and PTAR1. While 
we assigned C10orf76 as a PI4KB-adapter protein, TSSC1 has more recently 
been shown to be a member of the GARP complex, functioning in retrograde 
trafficking39. In PTAR1-deficient cells, over 50 synthetic lethal interactions were 
identified. Unlike the other query genes, PTAR1 affects cell fitness in wild type 
HAP1 cells, an observation that is in line with essential genes in yeast displaying 
more genetic interactions26,27,36,40. Interestingly, a positive genetic interaction was 
identified between the genes GOLGA5 and PTAR1, where simultaneous abroga-
tion partially restores the defective Golgi apparatus. This constitutes an example 
of an extragenic suppressor interaction in human cells. 
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Figure 1. Mechanisms of the Genetic Interactions described in this work. These include: (A) an 
example of a synthetic lethal interaction between two paralogs that can reciprocally compensate for 
loss of the other. (B) A synthetic lethal and a suppressor interaction, both impairing fitness and proper 
functioning of the Golgi apparatus, between a prenyltransferase and two genes implicated in regulat-
ing Golgi integrity. (C) A suppressor interaction affecting AKT phosphorylation, where simultaneous 
loss-of-function mutations in a negative regulator of GPCR signaling and its targets restores wildtype 
p-AKT levels. (D) And a suppressor interaction affecting GNB1 (Gβ subunit) abundance, where the 
contribution of Gα subunits to GNB1 stability is dependent on the presence of KCTD5.
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Although we studied the secretory pathway, genetic interactions can be linked 
to other biological processes using this approach. For example, positive genetic 
interactions were recently identified in HAP1 cells with the cohesin release fac-
tor WAPL41. Future studies in key biological processes could shed light on the 
frequency of genetic interactions in various facets of cell biology. 

Overall, the synthetic lethality network demonstrated that genetic interactions can 
be identified in a highly reciprocal manner using a mutagenesis-based approach, 
and that human genes frequently engage in such interactions. Interestingly, in 
terms of numbers and compartmentalization, the observed genetic interactions 
relate to observations made before in yeast42. Thus, this limited exploration sug-
gests that although many genes can be mutated without affecting cell fitness, their 
function can frequently be buffered by the presence of other genes.

Synthetic lethal approaches have been frequently discussed as a strategy to develop 
therapies for cancer treatment. A number of synthetic lethal interactions have been 
identified with an activated oncogene43,44 that show therapeutic promise. However, 
the only example of synthetic lethality with a defective tumor suppressor gene that 
is currently exploited in the clinic is the sensitivity of patients carrying BRCA loss-
of-function mutations to PARP inhibition45,46. We sought to apply our approach 
to identify genetic interactions for a number of tumor suppressor-deficient HAP1 
cell lines, including RB1 and NF1 loss-of-function (data not shown). Disappoint-
ingly, using similar criteria that robustly identify dozens of genetic interactions in 
other biological processes, no significant synthetic lethal interactions could so far 
be identified in the tumor suppressor-deficient cell lines. Importantly, although 
no potent genetic weakness was identified, the mutated tumor suppressor genes 
affected their biological processes in HAP1 cells as was expected (NF1 affected 
ERK phosphorylation and Rb gets progressively phosphorylated in the G1 phase 
of the cell cycle). This may suggest that loss of certain genes does not create a 
genetic vulnerability and may explain why mutation of these genes is tolerated 
in a broad variety of human cancers. Because genetic requirements are frequently 
contextual, additional experimental work will be required. However, this could 
suggest that the use of synthetic lethal strategies will not necessarily find broad 
application for cancer therapy.

Genetic interactions beyond fitness
In addition to impinging on cell fitness, genetic interactions might affect many 
other phenotypes. Mutagenized libraries can be subjected to cytometric separation 
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to identify regulators of any measurable cellular traits. By applying this approach 
both in wild type cells as well as in cells carrying a genetic mutation, genetic in-
teractions can be identified that affect the query phenotype. KCTD5, an E3 ligase 
substrate adaptor47, was initially identified as a novel negative regulator of AKT 
phosphorylation in wild type HAP1 cells, albeit via an unknown mechanism. A 
subsequent genetic screen for the same trait in KCTD5-deficient cells identified 
a number of suppressor mutations that alleviate the phenotype. These include 
a number of G-protein β and γ subunits, implicating KCTD5 as a suppressor 
of GPCR signaling. This could be experimentally verified, demonstrating that 
KCTD5 targets Gβγ subunits for ubiquitin-mediated degradation. 

A suppressor approach can similarly be applied to provide insights into when 
KCTD5 degrades Gβγ subunits. Instead of p-AKT, GNB1 abundance was used 
as a measurable trait in order to characterize regulators of GNB1 stability in the 
presence or absence KCTD5. This revealed a number of regulators that depend 
on KCTD5 including Gγ subunits, indicating that KCTD5-dependent GNB1 
degradation takes place in the absence of functional Gα subunits. Whereas Gβγ 
dimers are associated with Gα, they dissociate following receptor activation to 
activate PI3K signaling48,49. We propose that they are subsequently degraded by 
KCTD5. These findings implicate the degradation of free Gβγ subunits as a novel 
regulatory mechanism for GPCR signaling. Overall, the approach described in 
chapter 6 facilitates the robust identification of genetic suppressors in human 
cells for any measurable cellular phenotype. In the future, it will be of interest to 
study genetic regulators of clinically relevant phenotypes, either in the presence 
or absence of the known disease-causing alleles, in order to identify the hitherto 
elusive disease suppressors discussed in chapter 1. 

HaploId and CrISpr-baSed GeneTIC approaCHeS In HuMan 
CellS

In this work, we have discussed three genetic approaches to connect genes to 
phenotypes based on mutagenesis of haploid human cells. The advent of CRISPR-
Cas9 technology introduced an additional method for examining loss-of-function 
phenotypes in human cells, by leveraging a bacterial defense mechanism to intro-
duce targeted mutations50. This can be achieved by targeting the Cas9 nuclease 
with a guide RNA (sgRNA) to induce double-strand breaks in genes51–54. Over the 
past years, CRISPR-Cas9 has developed into a powerful method for performing 
genetic screens. For this purpose, several libraries have been generated containing 
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a number of guide RNAs against most human genes20,21,55,56. This technology has 
been applied to similar biological questions as discussed in this work, including 
positive selections55–57, gene essentiality20,21 and, more recently, synthetic lethality58 
and intracellular traits59,60. Overall, direct comparisons between both methods for 
positive selection61,62 and negative selection (chapter 5) shows highly concordant 
results. Although we described the limitations of gene trap mutagenesis in detail 
in chapter 5, below we discuss several considerations underlying the complemen-
tarity of both approaches.

One salient difference between the two technologies is that CRISPR screens can 
be applied to any cell type, while mutagenesis approaches require a single copy 
of each gene to generate loss-of-function mutants. Although haploid genetic ap-
proaches have been used to examine phenotypes of a wide biological range, for 
biological processes that can only be studied in specific cell types (e.g. hepatitis C 
virus infection16) CRISPR screens would be favorable. Recently, human haploid 
ES cells were isolated and shown to be capable of undergoing differentiation63. 
Thus, additional human haploid cell lines will likely be obtained in the near 
future. However, although the use of a single cell line can be limiting for unravel-
ing cell type specific biology, studies in yeast have demonstrated the power of 
studying biological processes in a single cell type. Varying the genetic background 
can have a severe impact on gene requirements64,65. Arguably, the power of yeast 
genetics derives in part from the ability to genetically dissect the influences of 
specific genetic alterations66 or environmental variation67 in a controlled genetic 
background. Considering the large genetic variance between cell lines, in addition 
to environmental variation between laboratories, studying key biological processes 
in varying cell lines and at different locations may not necessarily yield more 
generalizable conclusions regarding the genetic wiring underlying the studied 
phenotype.  

A key technical difference between the two methods is the manner in which 
the representation of mutants is measured following a phenotypic selection. For 
CRISPR screens, the phenotypic effect of a gene is generally determined by the 
abundance of the DNA encoding the gRNA (similar to shRNA screens)68. Ampli-
fying the targeting sequence is relatively straightforward and less prone to PCR bias 
compared to the amplification of retroviral insertion sites, for which abundance of 
the product is a less reliable readout (discussed in chapter 2). However, rather than 
directly measuring genomic mutations, the abundance of the inactivating reagent 
(usually only a few guide RNAs per gene) represents an indirect measurement. 
This measurement can be affected by off-target effects69,70 and incomplete gene 
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inactivation. Mutations following Cas9 cleavage are introduced by error-prone 
repair mechanisms, but small in frame insertions or deletions may not necessarily 
disrupt gene activity71. Using gene trap mutagenesis in combination with sensitive 
amplification allows for the mapping of tens of millions of unique insertion sites 
in parallel, making it possible to directly count independent genomic mutations 
in genes. This generates statistical power when a gene is mutated frequently, and 
makes it possible to generate high-resolution phenotypic maps, as presented 
in chapter 6. However, this needs to be weighed against the use of a gene trap 
retrovirus that does not integrate completely randomly throughout the genome. 
Furthermore, not every gene trap integration inactivates the gene with certainty. 
For example, for a number of ribosomal genes that are likely required for cell 
viability, a considerable number of disruptive mutations are still identified in 
chapter 5. 

Although CRISPR-Cas9 represents a veritable breakthrough and additional 
technical developments will further expand its applicability, the aforementioned 
considerations make haploid genetic screens a valuable parallel asset to study 
genetics in human cell lines. 

ouTlook

The approach presented in chapter 6 makes it possible to unravel the genetic 
wiring underlying cellular phenotypes. This is highly scalable, and the use of many 
different antibodies directed at key cellular processes in HAP1 cells will yield a 
genetic wiring map regulating protein phenotypes. We have initially examined the 
regulators of a number of diverse traits and have constructed a map of genotype-
phenotype connections based on 10 query biological processes in HAP1 cells. 
This network provides a preliminary glimpse of a phenotypic map of a human cell 
line, and makes it possible to examine the behavior of genes across phenotypes. 
However, the phenotypic range of a gene is influenced by the choice of query 
phenotypes in the map. For example, a signaling-heavy map could overstate the 
pleiotropic nature of signal transduction genes. The generation of a representative 
phenotypic map of the cell will therefore require the inclusion of more cellular trait 
maps covering many facets of cell biology. As it is estimated that close to 2 million 
antibodies are available (albeit with varying quality)72, this resource is unlikely to 
be exhausted in the near future. Furthermore, while the aforementioned maps are 
generated based on a single trait at a time, this could technically be expanded by 
measuring several phenotypes in parallel to examine more complex phenotypes.
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Complementary to examining additional phenotypes, further developments 
to the suite of analysis tools are required for a systematic characterization of a 
phenotypic map. For gene products that function as complexes, the individual 
components could exhibit the same pattern across phenotypes. This signature may 
be predictive, analogous to how genetic interaction profiles in yeast have been used 
to assign gene function36,40. Clustering genes based on their ‘phenotypic signature’ 
will implicate a role for uncharacterized genes in established processes or highlight 
potential moonlighting functions for subunits of established complexes in other 
pathways. 

Finally, especially in haploid cells one could envision the use of chemical mu-
tagenesis instead of gene-trap cassettes to induce phenotypes73. It is exciting 
to speculate that better sequencing technologies will in the future increase the 
resolution to exhaustively couple amino acids or protein domains to a catalogue 
of cellular phenotypes. 
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Even though genes are unequivocally important for the development of both 
common and rare human diseases, the connection between the genotype (an 
individual’s genetic makeup) and phenotype (an individual’s observable traits) is 
often ill-defined. Even genetic disorders than can be caused by a defect in only a 
single gene often manifest themselves differently in affected patients, indicating 
that the precise consequence of genetic mutations is often difficult to predict. This 
phenotype-genotype conundrum is a result of genes not functioning in isolation, 
but in complex genetic networks where gene function can be modulated by the 
action of other genes or the environment. In Chapter 1, this complexity of the 
genetics underlying human diseases is highlighted.

A powerful approach to understand the genetic contribution to a phenotype is to 
generate mutations in model organisms and subsequently studying the phenotypic 
consequences. Large-scale mutation studies in yeast have shed light on some of 
the complex genetic architecture, but owing to technical constraints mutagenesis 
of human cells has long been unachievable. Central to this work is the applica-
tion of haploid human mutant cells to study gene-environment and gene-gene 
interactions and their contribution to disease-relevant phenotypes. Chapter 2 
summarizes three approaches for addressing diverse biological questions using 
haploid genetics.   

In Chapter 3, we describe a method for mapping mutations in pools of mutant 
cells following a phenotypic selection; typically mutants that survive exposure to 
otherwise noxious stimuli. This is applied to study the interactions between genes 
and the environment, focusing on a number of bacterial toxins that exploit the 
function of human genes in order to enter and cause damage tocells. In addition, 
the mechanism of resistance to multiple clinically-used drugs is examined, while 
in Chapter 4, this same method is applied to identify host factors required by Rift 
Valley Fever Virus for infecting human cells. 

Further optimizations to this approach have made it possible not only to identify 
mutants which are favored under particular conditions, but also those which are 
under negative selection. In Chapter 5, we apply this to define a set of around 
2.000 genes required for cultured human cells to grow. This includes a surpris-
ing number of genes which were uncharacterized, despite their essential function 
in basic cellular processes. Using a proteomics approach, we identify interacting 
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proteins for a number of essential gene products and gain insights in the function 
of a number of genes. The ability to identify essential genes furthermore enables 
examining gene essentiality specific to particular genetic backgrounds, referred to 
as genetic interactions. Mapping the essential genes in cell lines deficient for seven 
different genes uncovered a synthetic lethality network focused on the human se-
cretory pathway. Comparable to yeast, human genes frequently engage in genetic 
interactions, which implies that many non-essential genes will become essential 
in the absence of other genes. In addition, we assign a function in the secretory 
pathway for three uncharacterized genes based on their genetic interactions.  

The ability to efficiently map mutations in populations of fixed haploid cells is lev-
eraged in Chapter 6 to examine the genetic regulators of intracellular phenotypes. 
For a dozen of diverse biological traits, such as oncogenic pathway activation or 
organelle size, we have identified hundreds of genes that positively or negatively 
impact the measured phenotype. Based on this, we construct a preview of a phe-
notypic map of a human cell, and observe that pleiotropy is frequent for human 
genes, as close to half of the identified regulators affect multiple phenotypes. In 
addition, we identify a novel uncharacterized regulator of AKT phosphorylation. 
By iterative screens in specific genetic backgrounds, genetic suppressors can be 
identified which restore the affected intracellular phenotypes. This enables the sys-
tematic genetic dissection of a cellular process to gain mechanistic understanding.

In Chapter 7 the implications of each of the three approaches are discussed, as 
well as the use of haploid genetics to identify genetic interactions, a comparison 
with another contemporary genetic screening method, followed by an outlook.  
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Alhoewel genen een onmiskenbare rol spelen bij het ontwikkelen van zowel veel-
voorkomende als zeldzame menselijke aandoeningen, is de connectie tussen het 
genotype (een individu’s genetische opmaak) en het fenotype (de observeerbare 
eigenschappen van een individu) veelal moeilijk te definiëren. Zelfs genetische 
aandoeningen die worden veroorzaakt door een defect in slechts één enkel gen 
manifesteren zichzelf vaak uiterst variabel in patiënten, wat aangeeft dat de 
consequenties van een genetische mutatie vaak moeilijk te voorspellen zijn. De 
inconsistentie tussen het fenotype en genotype kan worden veroorzaakt doordat 
genen niet in isolatie werken, maar in gecoördineerde netwerken waarin de functie 
van een gen kan worden gemoduleerd door andere genen of prikkels van buiten 
de cel. In hoofdstuk 1 wordt de complexiteit van de genetische bijdrage aan de 
ontwikkeling van menselijke ziektes belicht.

Een krachtige benadering om de rol van genen te onderzoeken in het bepalen van 
menselijke eigenschappen, is om mutaties aan te brengen in een model organ-
isme en vervolgens de consequenties daarvan in kaart te brengen. Grootschalige 
mutatiestudies in gist hebben inzicht gegeven in de complexe genetische archi-
tectuur, maar door technische beperkingen zijn soortgelijke studies op die schaal 
in menselijke cellen lang onmogelijk geweest. In dit werk staat het gebruik van 
haploïde menselijke cellen centraal om interacties van genen met de omgeving, 
maar ook interacties tussen meerdere genen in kaart te brengen, alsmede hoe deze 
bijdragen aan fenotypes. Hoofdstuk 2 vat de overeenkomsten en verschillen sa-
men tussen drie genetische methodes die gebruik maken van haploïde mutant 
cellen om diverse biologische vraagstukken te bestuderen.     

In hoofdstuk 3 wordt een methode beschreven om mutaties in kaart te brengen 
in een groep cellen na deze te hebben geselecteerd voor een gewenst fenotype, 
veelal overleving na blootstelling aan schadelijke stoffen of pathogenen. Deze 
benadering kan worden gebruikt om de interacties tussen genen en omgevings-
factoren in kaart te brengen, zoals in dit hoofdstuk de nadruk ligt op genen die 
door bacteriële toxines worden gekaapt om menselijke cellen te beschadigen, of 
betrokken zijn bij resistentie tegen chemotherapeutica. In hoofdstuk 4 wordt 
deze benadering gebruikt om menselijke genen te identificeren die benodigd zijn 
voor infectie met het Rift Valley Fever Virus.  



230

nederlandse Samenvatting

Additionele optimalisaties hebben het mogelijk gemaakt om niet alleen mutaties 
te identificeren die gunstig zijn onder bepaalde condities, maar ook mutaties die 
nadelig zijn voor cellen. In hoofdstuk 5 passen we deze methode toe om te bep-
alen dat menselijke cellijnen ongeveer 2000 genen nodig hebben om te groeien. 
Hieronder zijn veel genen die nog niet gekarakteriseerd waren, ondanks hun essen-
tiële functie in elementaire taken in de cel. Door middel van massaspectrometrie 
hebben we de interactiepartners van een aantal ongekarakteriseerde essentiële gene 
bepaald, om inzicht te krijgen in hun functie. Het in kaart bregen van essentiële 
gene in menselijke cellen maakt het tevens mogelijk om te speuren naar genen die 
alleen onmisbaar zijn in een specifieke genetische achtergrond, ook wel genetische 
interacties genoemd. Door de essentiële genen te bepalen in verschillende cellijnen 
met mutaties in zeven verschillende genen, hebben we een netwerk van genetische 
interacties blootgelegd rond het Golgi complex in menselijke cellen. Menselijke 
genen hebben vergelijkbare aantallen genetische interacties als genen in gist, wat 
impliceert dat veel onessentiële genen in de mens wel essentieel zullen worden 
als een ander gen tegelijkertijd defect is. Tevens duiden we op een nieuwe functie 
voor drie ongekarakteriseerd op basis van hun genetische interacties.  

 
De efficiënte manier om mutaties in kaart te brengen in gefixeerde haploïde cel-
len wordt benut in hoofdstuk 6 om de genetische regulatoren van intracellulaire 
fenotypes te onderzoeken met behulp van antilichamen. Voor een tiental diverse 
biologische eigenschappen, zoals het activeren van een oncogene cascade of de 
kwantiteit van een organelonderdeel, werden er honderden genen geïdentificeerd 
die het gemeten fenotype positief of negatief beïnvloeden. Op basis van de ge-
netische regulatoren van deze tien fenotypes hebben we een schakelschema van 
een menselijke cel geconstrueerd, wat benadrukt dat menselijke genen aanzienlijk 
pleiotroop zijn, daar ongeveer de helft van geïdentificeerde genen meer dan één 
enkel fenotype beïnvloeden. Voor één van de gemeten fenotypes, de fosforylatie 
van het eiwit AKT, hebben we een nieuwe regulator gevonden. Door dit fenotype 
herhaaldelijk te meten in cellen met een andere genetische achtergrond, kunnen 
er genetische suppressoren worden geïdentificeerd die dit fenotype weer kunnen 
herstellen. Dit maakt het mogelijk om op een systematische manier cellulaire 
processen genetisch te ontleden, om zo een mechanistisch inzicht te krijgen.

In hoofdstuk 7 worden de implicaties van het onderzoek voortkomend uit de drie 
methodes uiteengezet. Tevens wordt ook het gebruik van haploïde genetica om 
genetische interacties op te sporen, en een toekomstvisie voor haploïde genetica 
beschreven.            
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