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The homologous recombination repair (HRR) pathway repairs DNA double-strand breaks in an error-free manner.

Mutations in HRR genes can result in increased mutation rate and genomic rearrangements, and are associated with numer-

ous genetic disorders and cancer. Despite intensive research, theHRRpathway is not yet fullymapped. Phylogenetic profiling

analysis, which detects functional linkage between genes using coevolution, is a powerful approach to identify factors in

many pathways. Nevertheless, phylogenetic profiling has limited predictive power when analyzing pathways with complex

evolutionary dynamics such as the HRR. Tomap novel HRR genes systematically, we developed clade phylogenetic profiling

(CladePP). CladePP detects local coevolution across hundreds of genomes and points to the evolutionary scale (e.g., mam-

mals, vertebrates, animals, plants) at which coevolution occurred. We found that multiscale coevolution analysis is signifi-

cantly more biologically relevant and sensitive to detect gene function. By using CladePP, we identified dozens of

unrecognized genes that coevolved with the HRR pathway, either globally across all eukaryotes or locally in different clades.

We validated eight genes in functional biological assays to have a role in DNArepair at both the cellular and organismal levels.

These genes are expected to play a role in the HRR pathway and might lead to a better understanding of missing heredity in

HRR-associated cancers (e.g., heredity breast and ovarian cancer). Our platform presents an innovative approach to predict

gene function, identify novel factors related to different diseases and pathways, and characterize gene evolution.

[Supplemental material is available for this article.]

Hereditary breast and ovarian cancer (HBOC) is an autosomal
dominant cancer susceptibility syndrome, commonly associated
with inherited mutations in more than 25 reported genes
(Nielsen et al. 2016). Many of these genes belong to the homolo-
gous recombination repair (HRR) pathway, which is critical in
faithfully repairing cytotoxic DNA double-strand break (DSB) le-
sions. Commonly, mutations in HRR genes observed in HBOC re-
duced the ability of the cell to repair DSBs and resulted in a
distinguishable pattern of single-base substitutions, termed a ge-
nomic signature 3 (Alexandrov et al. 2013; Nik-Zainal et al.
2016). This signature has been used clinically as an indication of

mutations in HRR genes such as BRCA1, BRCA2, PALB2, RAD50,
and RAD51C (Polak et al. 2017). Polak et al. (2017) showed that sig-
nature 3 tumors are variable at the level of base substitutions, and
patients can be ranked based on their high to low signature
3. Furthermore, in ∼40% of cancer-derived genomes with a strong
signature 3 and in ∼80% of the genomes with a medium signature
3, no pathogenic mutation in any known HRR gene has been de-
tected (Hartmann and Lindor 2016; Polak et al. 2017) despite the
observed defect in the HRR. The current notion is that many
HBOC cases and their associated signature 3 result from either a
combined effect of several gene variants (Hartmann and Lindor
2016) and/or very low frequencymutations, which are distributed
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across many genes that associate, regulate, or interact with the
HRR. These hypotheses point toward a gap in understanding of
the HRR pathway and its link to signature 3. This knowledge gap
has significant clinical implications as PARP1 inhibitors have re-
cently been approved for treatment of cancer patients with HRR
malfunction (Kim et al. 2015). Accordingly, identifying new HRR
genes is important for improving diagnostics, opening new thera-
peutic strategies (Bartz et al. 2006; Lord et al. 2008), and identify-
ing targets for drug development.

Because theHRRpathway is essential across the tree of life and
many of its factors show complex evolutionary patterns, we mon-
itored the HRR evolution across multiple eukaryotic species and
unbiasedly identifiednovelHRRfactors basedonsimilarevolution-
ary patterns. The standard phylogenetic profile (PP)methods char-
acterize the evolution of a gene as a pattern of presence or absence
of the geneorthologs in a set of genomes (Pellegrini et al. 1999) and
search for genes with similar patterns. The underlying assumption
is that the proteins encoded by genes may have several biological
functions, belong to different pathways, have various functions
indifferent clades, andundergomultiple events of speciation, drift,
gene loss, and gene duplication across evolution. If, despite all
these possibilities, two or more proteins (or genes) share a similar
phylogenetic profiling, they are probably coupled functionally.
PP has been used successfully to predict gene function (Eisen and
Wu 2002; Enault et al. 2004; Jiang 2008), protein–protein interac-
tions (Sunet al. 2005;KimandSubramaniam2006), protein subcel-
lular localization (Marcotte et al. 2000; Pagliarini et al. 2008),
cellular organelle location (Avidor-Reiss et al. 2004; Hodges et al.
2012), and gene annotation (Merchant et al. 2007). Nevertheless,
a pattern of presence or absence is sometimes too crude to describe
evolution, mainly in closely related species in which a protein is
rarely completely lost.

Previously we have shown that we can accurately identify
coevolution by taking into accountminute changes in gene evolu-
tion using the normalized phylogenetic profiling (NPP) method
(Schwartz et al. 2013; Tabach et al. 2013a,b; Sadreyev et al. 2015).
NPP uses a continuous scale of conservation instead of a defining
cutoff for the protein being lost or retained and normalizes gene
conservation relative to the expected conservation of other genes
between the species.We applied NPP to reveal genetic interactions
and novel genes in the RNA interference pathway, in RNAmethyl-
ation, and in different human diseases including cancer (Schwartz
et al. 2013; Tabach et al. 2013a,b; Sadreyev et al. 2015; Findlay et
al. 2018; Malcov-Brog et al. 2018; Nordlinger et al. 2018; Omar
et al. 2018).

In general, PP methods look for global coevolution across the
entire tree of life, but a major question is: What happens when the
PP is correlated only in part of the tree of life? As the number of se-
quenced genomes dramatically increases, the question of which
species to analyze becomes more central, and a fresh look on spe-
cies choice is required. Here we consider that the functions of cer-
tain sets of proteins became coupled or uncoupled at a defined
point in evolution (“locally”) in a specific clade. Hence coevolu-
tion between such a set of proteins will be evident in the clade(s)
in which they are functionally coupled. This event might happen
once or multiple times and is expected to vary for different genes
and pathways. Therefore, we hypothesize that correlated PPs
should be considered as evidence for a functional relationship be-
tween genes even if the correlation is present only in specific
clades and not in others. This behavior is expected to be particular-
ly important in complex pathways such as the HRR, which inter-
acts with multiple processes and has genes that are conserved

from bacteria to humans (such as the RAD51 family), whereas oth-
ers are relatively new in evolution (e.g., BRCA1). Moreover, the
phenomenon ofmoonlighting proteins, where genes acquire nov-
el functions, is well documented in HRR (Cabello-Lobato et al.
2017; Kolinjivadi et al. 2017).Moonlighting is an example of a pro-
cess that causes a deviation in the evolutionary path of a gene be-
tween different branches of the evolutionary tree.

Results

HRR genes are coevolved

To follow thecoevolutionof theHRRpathwayacross the treeof life,
we generated a NPP (Tabach et al. 2013a,b) of all human genes
across 578 eukaryotes (Supplemental Table S1) andperformedhier-
archal clustering on the different NPPs. In parallel, we defined a
gold standard list of 79 well-established HRR genes (Supplemental
Table S2), including BRCA1, BRCA2, and RAD51, and focused our
subsequent analyses on these gold standard genes. We found that
the NPPs of the gold standard HRR genes cluster with each other
in a statistically significant manner (P=10−4) (see Supplemental
Methods). Furthermore, the clustering reflects the functional stag-
es in theHRRpathway (Fig. 1A; Supplemental Fig. S1). For example,
RAD51, RAD51B, RAD51C, RAD51D, DMC1, XRCC2, and XRCC3,
which are all members of the RecA/RAD51 family (Lin et al.
2006), cluster together. A second cluster contained RAD9A and
RAD1, both members of the 9-1-1 complex, as well as ATM and
ATR,whichare knownto interactwith the9-1-1 complex (Warmer-
damet al. 2009; Broustas and Lieberman 2012). Similarly, FANCD2
and FANCI, bothmembers of the relatedFanconi anemia (FA) path-
way that can heterodimerize (Walden and Deans 2014), were also
found in our analyses to coevolve (Fig. 1B). The gold standard
HRR genes cluster with genes that have not yet been reported as
HRR factors, suggesting that these genes may interact, contribute,
or belong to this pathway.

Our analyses found that out of all human protein-coding
genes, the PP of BRCA1 (associated with 30% of the solved
HBOC cases) (Castéra et al. 2014) exhibited the strongest correla-
tionwith the PP of PALB2, present in 6% of the solved HBOC cases
(Castéra et al. 2014). However, a closer examination revealed that
although the NPPs of BRCA1 and PALB2 are strongly correlated
when all eukaryotes are considered (R=0.77, Pearson correlation)
(Fig. 1C, top), indicating global coevolution, the actual coevolu-
tion wasmanifested only in animals (R=0.83) and without any lo-
cal coevolution in fungi, plants, or protists. This reflects the
dramatic evolutionary changes in these genes from single-celled
organisms to animals.

The coevolution of two additional functionally related genes
showed divergence in different clades. RAD52 and FANCA are im-
portant in the single-strand annealing pathway (Palovcak et al.
2017) and are locally coevolved in mammalians (R=0.63) and in-
vertebrates but not in other clades (Fig. 1C, middle).

As in many cases, functionally related genes are not always
coevolved (for several reasons), and thus, we examined whether
coevolution in different parts of the tree of life can point to func-
tional associations in theHRR. For example, BLM andWRN, which
are both functionally associated in humans and probably across
animals, do not show significant coevolution in either animals
or plants (like many other functionally related genes). However,
BLM and WRN display high local coevolution in fungi (R=0.93)
and protists (R=0.87), which hints at their functional interactions
(Fig. 1C, bottom). These results show that coevolution can be clade
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Figure 1. Evolution of HRR proteins. (A) Normalized phylogenetic profiles (NPPs) of all human protein coding genes after hierarchical clustering and
dendrogram leaf order optimization. Each row represents the NPP of a single gene across 578 eukaryotes ordered by their phylogenetic distance from
Homo sapiens. The colors in the heat map indicate the relative degree of conservation between a human protein and its ortholog in a certain species (col-
umn). When zero, this means that the ortholog is conserved at the average conservation level of orthologs in the species, relative to human; negative values
mean less conserved than average, and positive values mean more conserved than average (the values are in Z-scores) (for further details, see Tabach et al.
2013a). White indicates poor conservation, and dark blue indicates highly conserved genes (blue). The bars on the right side represent clusters enriched for
known HRR genes, in which the score represents the fraction of known HRR genes in each cluster (Supplemental Methods), and with an FDR-adjusted P-
value indicating the significance of the enrichment (hypergeometric test). The colors of the bars indicate the functional module within the HRR pathway
(see legend above heat map and in Supplemental Fig. S1). (B) Examples for HRR genes clustered together. Note that only the known HRR genes in each
cluster are shown. (C) Detailed view of three couples of genes that coevolved in different clades. (Top) BRCA1 and PALB2 are locally coevolved in animals but
not in plants, fungi, and protists. (Middle) RAD52 and FANCA are locally coevolved only in animals. (Bottom) BLM andWRN are locally coevolved in fungi and
protists but not in animals or plants. The clades are indicated by colored bars with the Pearson correlation coefficient of the two PPs within the respective
clade. The y-axis indicates the NPP score as in A. Red rectangles show regions of coevolution.
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specific and that clade specificity may vary between different sets
of coevolved genes.

In addition, we tested if clade analysis could identify coevolu-
tion undetected across all genomes. We focused on two genes,
RAD51 andBLM, as both are important factors in theHRRpathway
and play a role in cell cycle regulation. For each of these genes,
we identified the 50 genes that most coevolved with them across
eachof the different clades (eukaryotes, animals, vertebrates,mam-
malians, plants, fungi, and protists) (Supplemental Table S3). We
counted how many genes among the 50 coevolved genes belong
either to DNA repair or cell cycle (Fig. 2A; Supplemental Fig. S2).
This analysis revealed that DNA repair and cell cycle genes signifi-
cantly coevolved with BLM and RAD51 in multiple clades (three
clades for RAD51 and five out of seven to BLM). Although there
was some overlap (Supplemental Fig. S2) among the DNA repair
and cell cycle genes between the clades, several of these genes co-
evolved in a clade-specific manner. Why certain genes coevolved
in specific clades and not in others remains amystery, but these re-
sults clearly reflect the functional evolution of RAD51 and BLM in
the DNA repair and the cell cycle progression pathways.

A method for multiclade phylogenetic profiling

To better map coevolution and identify coevolution that exists
only locally, we developed a method to identify systematically

genes that significantly coevolve with HRR factors in mammals,
vertebrates, animals, plants, protists, or fungi, or across all 578 se-
quenced eukaryote species. Briefly, we hierarchically clustered the
NPPmatrix of each clade separately and computed for each gene a
score based on how tightly it clustered with at least two of the 79
knownHRRgold standard genes in each clade. Thismethod,which
we term clade phylogenetic profiling (CladePP), assigns to each
gene the maximal score calculated for the clade in which it most
strongly coevolveswith the gold standard (Methods; Supplemental
Methods). As expected, we found that the HRR genes significantly
coevolved with each other in the different clades; in particular,
many HRR genes locally coevolved in a subset of the clades
(Supplemental Fig. S3). For example, we observed that FANCD2
andFANCI coevolved inall eukaryotes andplantsbutwithdifferent
partners in each clade. The helicases WRN, BLM, RECQL4, and
RECQL5 also clustered together in several clades and coevolved
with RECQL in all these clades (Supplemental Fig. S3).

To confirm that the associations predicted by our method
were significant, we performed a control analysis in which we
ran the algorithm against 10,000 randomized groups of 79 genes
(the same size as the gold standard HRR gene list) and tested if
they significantly coevolved (Supplemental Methods). The coevo-
lution scores for these randomgroups were clearly lower compared
with the gold standard HRR genes (Supplemental Fig. S4A,B).
Moreover, receiver operator characteristic (ROC) analyses showed

that our analyses across each clade had
sensitive and specific predictions (AUC
=0.93) and outperformed predictions re-
lying on individual clades or relying on
all species analysis (Fig. 2B; Supple-
mental Fig. S4C). The true positives for
these analyses were defined as the gold
standard.

CladePP analyses yielded 108 genes
that significantly coevolved (Q-value≤
0.05) with the gold standard genes.
These included 41 out of the 79 HRR
gold standard genes that tightly co-
evolved and 67 additional genes that
had not previously been implicated in
the HRR pathway (Supplemental Table
S4). Pathway enrichment analysis of the
67 predicted genes (using GeneAnalytics)
(Ben-AriFuchsetal. 2016) rankedDNAre-
pair (P<10−40), DNA recombination (P<
10−23), DSB repair (P< 10−11), and cell
cycle (P< 10−10) as thepredominant com-
mon pathways in the 67 genes.

Validating novel HRR factors

To verify whether the candidate genes
identified by our CladePP analysis are
associatedwith theHRRpathway, we val-
idated a spectrumof genes that coevolved
with HRR genes in a clade-specific man-
ner. We performed two complementary
analyses: the effect of knockdown of
these genes on embryonic lethality and
brood-size sensitivity to irradiation in
Caenorhabditis elegans, and the direct re-
peat (DR)-GFP assay in human cells.

B

A

Figure 2. Coevolution of HRR genes is clade-specific. (A) Number of cell cycle and DNA repair genes
among the top 50 genes coevolved with BLM and RAD51 in seven different clades. The P-values were cal-
culated using hypergeometric tests. (B) ROC curve of CladePP compared to normalized phylogenetic
profiling on individual clades or all eukaryotes, with the HRR gold standard genes used as positives.
Numbers in the legend indicate area under the curve (AUC) for each clade. (∗∗∗) P<10−5, (∗∗) P<
10−3, (∗) P<0.05.

Sherill-Rofe et al.

442 Genome Research
www.genome.org

http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.241414.118/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.241414.118/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.241414.118/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.241414.118/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.241414.118/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.241414.118/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.241414.118/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.241414.118/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.241414.118/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.241414.118/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.241414.118/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.241414.118/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.241414.118/-/DC1


Effect on brood size in C. elegans

We used the genetically tractable C. elegans to monitor dysfunc-
tion of the HRR pathway on the organism level. HRR malfunction
is frequently reflected in gametogenesis defects such as embryonic
lethal and reduced brood size. A defective HRR pathway results in
germline radiation sensitivity (Lemmens et al. 2013). We tested
the effect of moderate exposure to ionizing radiation (50 Gy) on
early larval (L) stage 4 worms following RNAi treatment.We tested
18 HRR candidates (Supplemental Table S5), out of which 16
showed potential HRR sensitivity. Knockdown of 10 genes caused
complete embryonic lethality, and six genes caused a significant
reduction in the worm brood size (Fig. 4, below). We calculated
the significance of our results using thewormphenotype ontology
with the phenotypes “reduced brood size” and “embryonic
lethal.” P-values for the hypergeometric test were >3×10−7 and
>1×10−28, respectively, suggesting that the proportion of genes
showing phenotypes to the number of genes tested is significant.
This assay provides a first indication of the relevance of the genes
to theHRRpathway; however, embryonic lethality as well as brood
size changes may indicate damage to several different pathways in
addition to HRR. For a more specific phenotype, we turned to the
DR–GFP system, which measures HRR activity directly.

The DR-GFP assay in human cell lines

We monitored the HRR efficiency of a representative sample of
these genes in human cells using the well-established DR-GFP as-
say. It consists of (1) a full-length GFP gene in which an I-SceI re-
striction site has been introduced such that it disrupts the open
reading frame (ORF) of the gene (2) and a truncated GFP version
with the correct ORF (iGFP) placed downstream from the full-
lengthGFP gene. Expression of the I-SceI enzyme leads to the gen-
eration of a localized DSB in the mutated GFP gene and its subse-
quent repair by HRR using the iGFP as a template, which can be
monitored by the appearance of a GFP signal and quantified by
flow cytometry. We chose genes that coevolved in a variety of
clades with HRR genes, and analyzed altogether 11 genes in
human cells (Fig. 5, below). From these orthogonal validation
approaches, we identified eight genes that caused both gameto-
genesis impairment in C. elegans and a significant reduction
in HRR efficiency in two cell lines. Below are some examples of
these genes.

Examples of validated genes

The first CladePP-based candidate is SMG1, which displayed a
strong coevolution pattern with ATR in protists (Fig. 3). SMG1
interacts with multiple gold standard proteins, including ATM,
MRE11, CHEK1, and CHEK2 (Szklarczyk et al. 2015). Furthermore,
SMG1 is phosphorylated in response to induction of DSBs (Mat-
suoka et al. 2007), pointing toward a role in DNA repair. We
screened this candidate for its involvement in the HRR pathway
using C. elegans. Knockdown of smg-1 in C. elegans causes a reduc-
tion in brood size, which is a common phenotype of gonadal sen-
sitivity to irradiation (Fig. 4). To further validate that SMG1 is
relevant for the HRR pathway, we used the DR-GFP assay. Follow-
ing knockdown of SMG1 by RNAi, we observed a significant re-
duction in HRR activity in the cervical HeLa DR-GFP reporter cell
line (Fig. 5).

The second gene is RAB3GAP2, which causes Warburg micro
syndrome and Martsolf syndrome (Borck et al. 2011). This protein
forms the RAB3 GTPase-activating complex with RAB3GAP1 and

may be involved in neuronal development. Here we show that
depletion of the RAB3GAP2 ortholog rbg-2 in C. elegans correlated
with hypersensitivity to irradiation. Similarly, RAB3GAP2 knock-
down by RNAi in the HeLa DR-GFP cell line resulted in a strong re-
duction of HRR activity, pointing toward a role of RAB3GAP2 in
HRR (Fig. 5).

RAN is globally coevolved with CHEK2 and with strong
local coevolution in plants and animals (Fig. 3). It also came
up in a screen in which it reduced HRR in a HeLa DR-GFP
assay (Slabicki et al. 2010). Other previous screens found that
knockdown of RAN caused retention of H2AFX phosphoryla-
tion (Paulsen et al. 2009) and impaired RAD51 foci formation
(Herr et al. 2015). The RAN homolog in worms is ran-1, which is

B

A

C

Figure 3. NPPs of SMG1, RAN, and NME1. HRR genes show coevolution
within certain clades: (A) SMG1 coevolved with ATR in protists and fungi;
(B) RAN coevolved with CHEK2 in plants and across all 578 eukaryotes;
and (C) NME1 highly coevolved with H2AFX in plants and animals.
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known to be embryonic lethal. In both of the human cell lines
U2OS and HeLa, RAN siRNA showed a significant reduction in
HRR activity.

NME1 is coevolvedwithH2AFX in animals and plants (Fig. 3).
siRNA of the gene also caused increased PARP inhibitor sensitivity
in a screen (Lord et al. 2008). NME1 knockdown had a 50% reduc-
tion in HRR activity in our experiments in HeLa cells and an even
more pronounced reduction in U2OS cells.

Taken together, we validated multiple novel genes as HRR
effectors. Overall, we tested 18 genes from the CladePP using the
DR-GFP assay and C. elegans. Eight of these genes were validated
in both systems (Table 1). These data validate our novel phyloge-
netic approach, add new genes to the HRR pathway, and suggest
that the spectrum of HRR factors is much greater than currently
known.

Discussion

The exponential increase in the availability of fully sequenced
eukaryotic genomes revolutionizes our ability to study coevolution
and predict protein function using phylogenetic profiling.
Although phylogenetic profiling analysis has been used extensive-
ly, it was mainly successful in identifying relatively simple meta-
bolic pathways. Most existing PP methods focus on global
coevolution that occurs across all analyzed species. In this light,
PP has so far been successful in detecting genes that participate
inwidely conserved systems suchasmitochondrial or ciliary genes.
In addition, PPs are represented as binary vectors, implying that a
protein is completely either present or absent between species.
This assumption is unrealistic as genes often showpartial conserva-
tion, and the level of conservation has a biological significance. In
the context of HRR, this is exemplified by RAD52, whose N-termi-
nal region is strongly conserved across eukaryotes, whereas the C-
terminal region is poorly conserved. This differential conservation
also has important functional implications (Hanamshet et al.
2016). Also, when evolution is considered between closely related
species, complete loss of functionally related proteins is a rare
event. In such cases, PP analysis should focus on more subtle
changes.

Here we resolved these problems by developing a novel phy-
logenetic profiling approach. We examined coevolution globally
by considering the PPs of all human protein-coding coding genes
across 578 eukaryotes and locally in six distinct clades: mammali-
ans, vertebrates, animals, fungi, plants, andprotists. Ourwork con-
stitutes a significant conceptual advancement in that we assessed
each gene in the clade in which it is most strongly coevolved
with known HRR genes, rather than considering all genes across
the same set of species. Hence this better uses the information em-
bedded in the unique evolutionary signature of each gene. We ap-
plied CladePP to the study of HRR pathway, identified new HRR
genes, and experimentally validated multiple candidate genes.
The CladePP method is highly scalable, and we anticipate that
the method will be applied in the future to the study of additional
complex cellular pathways and networks.

We validated our results in two biological systems: C. elegans
and human cell lines. Our unbiased approach was even able to
identify genes that had a mild effect on the HRR and, as such,
are harder to detect. This is even more relevant to the HRR path-
way, which has been extensively studied, and thus, it is reasonable
to assume that genes with a remarkable effect would probably
have been recognized by now. As expected, many of our genes
have additional roles in the cells, but their effect on HRR is pro-
nounced. It will be of great value to further elucidate each gene’s
role in HRR across multiple clades and examine the consistence
in their HRR function across evolution.

Methods

HRR gold standard list

We compiled a list, based on an extensive literature review, of 79
recognized HRR genes that affect either DNA damage response or
are a part of the HRR pathway (Supplemental Table S2; O’Driscoll
and Jeggo 2006; Torres-Rosell et al. 2007; Li and Heyer 2008;
San Filippo et al. 2008; Jackson and Bartek 2009; Mladenov
and Iliakis 2011; Chapman et al. 2012; Escribano-Diaz et al.
2013; Aparicio et al. 2014; Walden and Deans 2014). Included are
genes from the closely related FA pathway and genes such as
TP53BP1, which functions in other pathways and yet is known to
regulate HRR (Moldovan and D’Andrea 2009; Escribano-Diaz
et al. 2013).

Detecting genes coevolved with RAD51 and BLM in

different clades

We extracted the subset of columns of the NPPmatrix correspond-
ing to each clade. In each clade, we computed the Pearson correla-
tion of the PPs of all genes with the PP of the gene of interest (BLM
or RAD51) and retained the top 50 genes. The list of coevolved
genes from each clade was then intersected with the list of human
genes in the GO biological process terms “strand invasion”; “DNA
synthesis involved in DNA repair”; “negative regulation of mitotic
cell cycle, embryonic”; “strand displacement”; “mitotic recombi-
nation”; “meioticDNArecombinaseassembly”; “response to ioniz-
ing radiation”; “reciprocal meiotic recombination”; “regulation of
cell proliferation”; “DNA repair”; and “negative regulation of apo-
ptotic process.”

P-values for the intersections were computed using a hyper-
geometic test, and the P-values for each of the genes were adjusted
using the Bonferroni method. We note that the intersection stage
was only used for this analysis and that no prior knowledge was
used for the rest of the analysis.

Figure 4. Screen for germline radiation sensitivity in C. elegans. L1
worms were subjected to RNAi of the indicated genes by feeding. Adults
were exposed to 50 Gy. After 2 h of recovery, 15 worms were replated
with one worm per plate, and 15 nonirradiated worms were plated as con-
trols. After 36 h, the number of eggs and larvae were recorded. The num-
ber of progeny is presented relative to worms fed empty-vector containing
bacteria. rad-51, a known HRR gene in C. elegans, served as a positive
control.
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Clade phylogenetic profiling

Generating the normalized PPs matrix

To detect genes that coevolved with known HRR genes, we first
generated amatrix of PPs of all humanprotein coding genes as pre-
viously described (Tabach et al. 2013a). Specifically, we download-
ed the genomes of 578 eukaryotes (Supplemental Table S1) from
Ensembl release 83 (Yates et al. 2016) and Ensembl genomes re-
lease 30 (Kersey et al. 2016). We then selected from the Homo sapi-
ens genome all genes (ENSG entries) with the gene biotype
attribute “protein coding” and a length of at least 40 amino acids.
In cases in which a single ENSG entry corresponded to multiple
ENSP entries, the ENSP entry with the longest sequence was
used. For each gene, we searched for the most similar protein se-
quence in each of the 578 genomes using BLASTP, obtaining ama-
trix BS in which BSi,j is the BLASTP bit score of the ith human

protein coding gene in the jth genome.
Genes that obtained a BLASTP score of
80 or less when aligned against them-
selves were excluded. To reduce noise,
BLASTP scores smaller then a threshold
twere floored to t, where t=24.6, namely,
the bitscore value that corresponds to an
E-value of 0.05. Geneswhose bitscore did
not exceed t in at least five genomes were
excluded.

When quantitatively comparing
the degree of conservation of all human
protein coding genes across phylogeneti-
cally diverse genomes, two biases are
expected:

1. Bias owing to length. The BLASTP
score of an alignment between a pair
of proteins linearly increases with
the number of positions in the align-
ment that contain pairs of identical
(or similar) amino acids. Consequent-
ly, given two pairs of proteins with
comparable degrees of sequence simi-
larity, the pair composed of longer
proteins will attain a higher score,
biasing the analysis toward longer
proteins. To correct this bias, we nor-
malized the BLASTP score BSi,j by the
BLASTP score of the ith human
protein when aligned against itself
(BSi,human), obtaining the matrix
LPPi,j = BSi,j/BSi,human.

2. Bias owing to phylogenetic distance.
In general, the greater the time span
that has passed since the last common
ancestor of two genomes, the more
differences the genomes accumulate,
and the probability to find two pro-
teins in the two genomes with a given
BLASTP score s or greater diminishes.
To account for this, we transformed
each column (representing a species
\genome) of the LPP matrix into
Z-scores by subtracting from each col-
umn its mean μj and dividing the col-
umn by its standard deviation σj,
yielding NPPi,j = (LPPi,j − mj)/sj, thus

attaining for each gene i and genome j a measure for the degree
of conservation of gene i relative to the conservation of all other
human genes in genome j.

Identifying genes that are coevolved in a specific clade

To identify genes that are coevolved with known HRR genes in
the context of a specific clade, we examined six subsets of the
complete NPPmatrix corresponding to the following clades:mam-
malians (42 species), vertebrates (the 42 mammalian species and
21 nonmammalian vertebrates), animals (the 63 vertebrates and
57 invertebrates), fungi (315 species), plants (39 species), and
protists (104 species), as well as the entire set of eukaryotes (578
species). We decomposed each of these NPP matrices into hierar-
chical clusters using the hclust function in R (R Core Team
2018), with complete linkage using the distance function

Figure 5. (Top) The DR-GFP reporter assay. SceGFP is a modified version of the GFP gene, which con-
tains an I-Sce site and an in-frame premature stop codon that can be removed by HR-mediated repair of
the I-SceI–induced DSB using the internal GFP fragment (iGFP) placed downstream from the SceGFP cas-
sette. (Middle) The experimental setup used to monitor HRR in the HeLa DR-GFP cell line. (Bottom) The
percentage of GFP+ cells for each experimental condition (siRNA +/− I-SceI) was measured by flow cy-
tometry (FACS) following the experimental procedure detailed in the top right panel and normalized
to the siCtrl + I-SceI conditions, in two human cell lines: HeLa and U2OS. (∗∗∗) P<0.0001, (∗∗) P<
0.001, (∗) P<0.01, (ns) nonsignificant.
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dist(i,j) = [1− cor(i,j)]/2, with cor(i,j) being the Pearson correlation
coefficient between the PPs of the ith and jth genes. This distance
function is minimal when the PPs of the two genes are strongly
correlated (cor(i,j) = 1), and maximal when they are anti-correlated
(cor(i,j) =−1).

To estimate the extent to which each of the resultant clusters
is associated with the HRR pathway, we used our gold standard set
of 79 HRR genes and measured for each human protein coding
gene howmuch of its PP clustered with those of the gold standard
genes. To do so, we first converted each of the hierarchical cluster-
ing objects into a dendrogram. The dendrogramwas then traversed
recursively, and each cluster a was assigned the cluster ratio score
(a) = |{GS(a)>G(a)}|/G(a), where G(a) is the set of genes assigned
to cluster a and GS is the HRR gold standard. Thus, this score is
equal to the fraction of genes in cluster a that belongs to the
gold standard. To avoid scenarios in which a candidate gene re-
ceives a high score owing to it being clustered with a single gold
standard gene, we excluded from this analysis clusters those that
contained less than three genes as well as clusters that contained
less than two gold standard genes.

Finally, we estimated the extent to which each human pro-
tein coding gene g was coevolved with known HRR genes using a
two-step maximization process:

1. Intra-clade score maximization. Because of the nature of hierar-
chical clustering, a dendrogram d containsmultiple nested clus-
ters that contain the gene g. Given a dendrogram d(s) derived
from the hierarchical clustering of the NPP matrix of clade
s, we assign for gene g the maximal clade ratio score MCRS
(g, s) =maxc∈d(s):g∈G(c)CR(c), which is the maximal cluster ratio
among all clusters in d(s) that contain g.

2. Interclade maximization. Having maximized the ratio score
of g in each of the seven clades separately, we then assigned
for each gene g the maximal ratio score (MRS): S(g, s) =
MCRS (c).

Estimating the statistical significance of the MRS

To validate the significance of the MRS, we simulated 10,000 ran-
dom sets of genes in the size of the HRR gold standard (79 genes).
For each simulated gene set Gsim_i, we computed the MRS for all
genes replacing the expression for the cluster ratio score with
(a) = |{Gsimi >G(a)}|/G(a). This yielded 10,000 vectors of MRSs
MRS_[ j, sim 1 ],MRS_[ j, sim 2 ]…,MRS_[ j, s m n], where MRS [ j,sim
i] is the MRS of the jth gene under the ith simulated gene set. We
then estimated the P-value for each gene g the empirical P-value

p−val(g)=
∑10000

i=1

∑Ngenes

j=1
IMRS[ j,simi]≥MRS(g)/(10,000 × Ngenes).

Finally, to account for the large number of hypotheses tested,
we substituted the P-values with q-values.

Statistical test for the significance of the HRR gold standard being clustered
together

To test if the PPs of the HRR gold standard cluster more tightly
than expected by chance, we first hierarchically clustered the PPs
of all gold standard genes across all 578 species.We then computed
the cophenetic distance matrix of the resultant hierarchical clus-
tering dendrogram. For each gene g in the gold standard, we found
the cophenetic distance to the gold standard gene nearest to g in
the dendrogram. We used the mean of these distances as a sum-
mary statistic. We then calculated the mean distance for 10,000
random sets of genes in the same size as the gold standard. The
fraction of random sets whose mean distance was lower or equal
to the mean distance of the gold standard was used to estimate
the P-value.

Software availability

The source code of CladePP is available as Supplemental Code and
at GitHub (https://github.com/dolevrahat/CladePP).

Table 1. Summary of results of biological validation for novel HRR genes

HeLa U2OS

Gene Coevolved with

Clade in which coevolution
was observed (Pearson
correlation between
phylogenetic profiles)

DR-GFP
relative

to control

DR-
GFP,

P-value

DR-GFP
relative

to control
DR-GFP,
P-value

Orthologs
in C. elegans

Brood size
reduction
(estimate
RNAi/EV)

ELP4 BRCA1, BARD1 Plants (0.78),
mammalians (0.65)

74.32 0.0942 60.23 <0.0001 elpc-4 0.67 (P < 0.05)

FIGN RAD51, RAD51B,
RAD51C, RAD51D,
DMC1, XRCC3

Eukaryotes 59.86 0.0056 48.61 <0.0001 figl-1 Embryonic lethal

NME1 H2AFX Animals (0.88), plants (0.92) 53.97 <0.0001 54.29 <0.0001 ndk-1 Embryonic lethal
RAB3GAP2 FANCD2, FANCI Fungi (0.92, 0.85) 41.35 <0.0001 75.54 0.0025 rbg-2 0.63 (P < 0.0001)
RAN CHEK2 Plants (0.85) 17.16 0.0002 16.14 <0.0001 ran-1 Embryonic lethal
RASEF RAD51, RAD51B,

RAD51C, RAD51D,
DMC1, XRCC3

Eukaryotes 111.01 0.5555 74.59 NA rsef-1 0.745 (P < 0.001)

SMG1 ATM, ATR Protists (0.88,0.94) 49.49 0.0004 34.3 <0.0001 smg-1 0.49 (P < 0.0001)
TNXDC9 MND1, PSMC3IP Fungi (0.57, 0.45) 37.87 <0.0001 48.82 <0.0001 txdc-1 Embryonic lethal
UPF1 DNA2 Protists (0.71) 67.92 0.0167 36.37 <0.0001 smg-2 0.45 (P < 0.0001)
WDR91 FANCD2, FANCI Eukaryotes (0.76, 0.71) 95.39 0.6925 60.41 <0.0001 sorf-1 NS
ZDHHC13 RAD51, RAD51B,

RAD51C, DMC1,
XRCC3

Plants 63.66 0.0043 64.25 <0.0001 dhhc-13 NS

The table summarizes the data supporting the involvement of newly identified HRR genes in C. elegans and in human cell lines. For each gene, we
present the HRR gold standard gene it coevolved with, the clade in which the genes coevolved, the Pearson correlation in each clade, the relative
values of the DR-GFP assay in two cell lines, and the results of the assay in C. elegans. (NS) not significant.
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