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Genetic variants underlying life-threatening diseases, being un-
likely to be transmitted to the next generation, are gradually
and selectively eliminated from the population through negative
selection. We study the determinants of this evolutionary process
in human genes underlying monogenic diseases by comparing var-
ious negative selection scores and an integrative approach, CoNeS,
at 366 loci underlying inborn errors of immunity (IEI). We find that
genes underlying autosomal dominant (AD) or X-linked IEI have
stronger negative selection scores than those underlying autoso-
mal recessive (AR) IEI, whose scores are not different from those of
genes not known to be disease causing. Nevertheless, genes un-
derlying AR IEI that are lethal before reproductive maturity with
complete penetrance have stronger negative selection scores than
other genes underlying AR IEI. We also show that genes underly-
ing AD IEI by loss of function have stronger negative selection
scores than genes underlying AD IEI by gain of function, while
genes underlying AD IEI by haploinsufficiency are under stronger
negative selection than other genes underlying AD IEI. These re-
sults are replicated in 1,140 genes underlying inborn errors of
neurodevelopment. Finally, we propose a supervised classifier,
SCoNeS, which predicts better than state-of-the-art approaches
whether a gene is more likely to underlie an AD or AR disease.
The clinical outcomes of monogenic inborn errors, together with
their mode and mechanisms of inheritance, determine the levels of
negative selection at their corresponding loci. Integrating scores of
negative selection may facilitate the prioritization of candidate
genes and variants in patients suspected to carry an inborn error.
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Negative (or purifying) selection is the natural process by
which deleterious alleles are selectively purged from the

population (1). In diploid species, the strength of negative se-
lection at a given locus is predicted to increase with decreasing
fitness and increasing dominance of the genetic variants con-
trolling traits: Variation causing early death in the heterozygous
state are the least likely to be transmitted to the next generation,
as their carriers have fewer offspring than noncarriers (2). Hu-
man genetic variants that cause severe diseases are, thus,
expected to be the primary targets of negative selection, partic-
ularly for diseases affecting heterozygous individuals. In humans,
several studies have ranked protein-coding genes according to
their levels of negative selection (3–5). Nevertheless, the extent
to which negative selection affects human disease-causing genes,
and the factors determining its strength, remain largely un-
known, particularly because our knowledge of the severity,

mode, and mechanism of inheritance of the corresponding hu-
man diseases remains incomplete (3, 6–8).
The strength of negative selection at a given gene has been

traditionally approximated by comparing the coding sequence of
the gene in a given species with that of one or several closely
related species; it depends on the proportion of amino acid
changes that have accumulated during evolution (9–11). With
the advent of high-throughput sequencing, intraspecies metrics
have been developed, based on the comparison of the probability
of predicted loss-of-function (pLOF) mutations for a gene under
a random model with the frequency of pLOF mutations observed
in population databases (5, 12, 13), which capture the species-
specific evolution of genes. Using an interspecies-based method
and a hand-curated version of the Online Mendelian Inheritance
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in Man (hOMIM) database, a previous study elegantly showed
that most human genes for which mutations cause highly pene-
trant diseases, including autosomal dominant (AD) diseases in
particular, evolve under stronger negative selection than genes
associated with complex disorders (6). However, other studies
based on OMIM genes have reported conflicting results (3,
14–17), probably due to the incompleteness and heterogeneity of
the datasets used. Moreover, no study has yet addressed this
problem with intraspecies metrics, even though it has been sug-
gested that the choice of the reference species for interspecies
metrics contributes to discrepancies across studies (6).
We aimed to improve the identification of the drivers of

negative selection acting on human disease-causing genes, by
developing a negative selection score combining several infor-
mative intraspecies and interspecies statistics, focusing on inborn
errors of immunity (IEI). IEI, previously known as primary im-
munodeficiencies (18), are genetic diseases that disrupt the de-
velopment or function of human immunity. They form a large
and expanding group of genetic diseases that has been widely
studied, and they are well characterized physiologically (immu-
nologically) and phenotypically (clinically) (19–21). IEI are often
symptomatic in early childhood, and at least until the turn of the
20th century and the introduction of antibiotics, most individuals
with IEI probably died before reaching reproductive maturity.
Accordingly, IEI genes have probably been under strong nega-
tive selection from the dawn of humankind until very recently. In
this study, we investigated whether the severity of IEI and their
mode and mechanism of inheritance have left signatures of
negative selection of various intensities in the corresponding
human genes. Furthermore, we validated our model on genes
underlying inborn errors of neurodevelopment (IEND), another
group of well-characterized severe genetic diseases.

Results
CoNeS Is a Consensus-Based Measure of Negative Selection. We
developed a score, consensus negative selection (CoNeS), to
take into account information from both interspecies [the f pa-
rameter from SnIPRE (11), lofTool (13), and evoTol (22)] and
intraspecies [RVIS (5), LOEUF (23), pLI (12), and SIS (24)]
statistics to approximate the strength of negative selection. The
correlation between these different statistics is shown in SI Ap-
pendix, Fig. S1. Although these scores are different, they can be
grouped into three correlated categories: scores that integrate
structural protein conservation measures (lofTool and evoTol),
those that treat heterozygotes and homozygotes differently (pLI
and LOEUF), and the others (SIS, f parameter, and RVIS). We

did not include in the computation gene-level metrics that are
not aimed at measuring the strength of negative selection [such
as the GDI (25) or pRecessive (12)] or that are unavailable for
more than 25% of the genes [such as Sel (3)]. CoNeS was
obtained through a standardized (i.e., mean of 0 and SD of 1)
projection of these seven methods on the first principal com-
ponent, which captures 81.8% of the total variance. The CoNeS
distribution for 18,026 autosomal protein-coding genes is shown
in Fig. 1A. The distribution is slightly bimodal due to the inclu-
sion of bimodal metrics (pLI and LOEUF) in the calculation.
Low CoNeS values are associated with stronger selection con-
straints (i.e., low f, lofTool, evoTol, LOEUF, and RVIS; high SIS
and pLI). As expected, CoNeS values were significantly lower for
X-linked genes than for autosomal genes (median on X, −0.718;
Wilcoxon one-tailed test between CoNeS values for the genes on
X and CoNeS values for autosomal genes, P = 1.89 × 10−51; SI
Appendix, Fig. S2), as negative selection acts on deleterious
X-linked variants underlying recessive disease in both homozy-
gous females and hemizygous males. We therefore considered X
chromosome genes separately from autosomal genes in all sub-
sequent analyses. We assessed the dependence to each of the
individual scores by calculating CoNeS after the removal of each
of the seven metrics contributing to the combined score. The
resulting scores were strongly correlated with CoNeS (0.955 <
Spearman’s R2 < 0.993; SI Appendix, Fig. S3), indicating that
CoNeS is not particularly affected by a single statistic.

Mendelian Disease-Causing Genes Show Stronger Negative Selection
Scores than Background Genes. We sought to replicate previous
observations based on the hOMIM database (6). We compared
the CoNeS of 833 autosomal and 66 X-linked genes annotated by
hOMIM as Mendelian disease causing, to that of 15,219 “auto-
somal background” (AB) and 650 “X background” (XB) genes,
respectively, these background genes not being known to be es-
sential [i.e., indispensable for the survival (26)] or to underlie any
severe genetic disorders (see Methods for details). The CoNeS
was significantly lower for hOMIM autosomal genes than for the
AB group (Wilcoxon one-tailed test, P = 5.34 × 10−16; resam-
pling test accounting for the size of coding genes, P < 10−5;
Fig. 1B), indicating that the hOMIM genes were subject to
stronger selection constraints. However, this result was depen-
dent of the mode of disease inheritance: The difference in
CoNeS between hOMIM genes causing AD diseases and the AB
group was highly significant (Wilcoxon one-tailed test, P = 2.05 ×
10−31; resampling test, P < 10−5; SI Appendix, Table S1), whereas
this difference was not significant for hOMIM genes causing

Fig. 1. The distribution of CoNeS for human genes. (A) The distribution of CoNeS for 18,037 autosomal human genes. (B) The distribution of CoNeS for genes
causing Mendelian diseases with complete penetrance (hOMIM), according to their dominant (AD), recessive (AR), or X-linked mode of inheritance, relative to
autosomal (AB) and X chromosome (XB) background genes.
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autosomal recessive (AR) diseases (SI Appendix, Table S2)
(Fig. 1B). Furthermore, X-linked hOMIM genes showed signif-
icantly stronger levels of negative selection (median, −1.28) than
XB genes (Wilcoxon one-tailed test, P = 1.08 × 10−12; resam-
pling test, P < 10−5; Fig. 1B and SI Appendix, Table S3). CoNeS,
together with lofTool and evoTol, were the metrics that were the
most significantly different between hOMIM genes and back-
ground genes. Overall, these results confirm that genes under-
lying known monogenic disorders, especially for AD and
X-linked disorders, are under stronger negative selection con-
straints than the rest of the coding genome. This result is prob-
ably conservative, as the rest of the coding genome probably
comprises hitherto-unknown disease-causing loci.

Levels of Negative Selection at Autosomal IEI Genes Depend on the
Mode of Inheritance. We leveraged the unique information col-
lected for genes underlying autosomal IEI to determine how the
mode and mechanism of disease inheritance, together with dis-
ease severity, impact levels of negative selection on human
disease-causing genes. There are 416 known IEI, caused by de-
fects of 370 genes, in the latest International Union of Immu-
nological Societies Committee classification (18). Historically,
IEI were considered to be Mendelian disorders, with both
complete clinical penetrance and detectable immunological ab-
normalities. More recently, IEI with incomplete penetrance and/
or without detectable immunological phenotypes have been de-
scribed (19, 21). We obtained negative selection metrics for 366
out of 370 IEI genes (Methods). Out of the remaining 366 IEI
genes, more than two-thirds (253/366) underlie IEI that are AR;
a smaller number of genes (62/366) underlie IEI that are AD; an

even smaller number underlie IEI that are X-recessive (XR) (19/
366); and only one gene (WAS) underlies an IEI that is
X-dominant (XD). A small number of loci underlie IEI diseases
with both AR and AD inheritance patterns (31/366) (Fig. 2A).
Consistent with the results obtained for hOMIM genes, CoNeS
was significantly lower for IEI AD and IEI AR/AD genes, rel-
ative to AB genes (medians, −1.08 and −0.55; Wilcoxon test, P =
1.71 × 10−9 and 3.02 × 10−3; resampling test, P < 10−5 and P =
8.19 × 10−3, respectively), whereas that for IEI AR genes was not
(median, 2.09 × 10−2; Wilcoxon test, P = 0.101; resampling test,
P = 0.180) (Fig. 2B, Table 1, and SI Appendix, Tables S4 and S5).
Most individual statistics (with the exception of evoTol) sup-
ported IEI AD genes being under significantly stronger negative
selection than AB genes, but the difference was the most sig-
nificant for CoNeS (Table 1). These results suggest that genes
underlying AD IEI are under stronger negative selection than
genes underlying AR IEI or both AR and AD IEI, which is
expected because deleterious mutations causing dominant dis-
ease decrease the fitness of both heterozygous and homozygous
carriers. This is consistent with the notion that disease domi-
nance has a strong impact on the levels of negative selection on
human disease-causing genes.

Negative Selection Scores Are Stronger at X-Linked IEI Genes than at
Other X-Linked Genes. Men carry only one copy of the X chro-
mosome. Variants underlying XR diseases are therefore expec-
ted to decrease fitness in both homozygous women and
hemizygous men, and thus to be more rapidly purged from the
population than variants underlying AR diseases. Consistent
with this hypothesis, we found that the CoNeS for XB genes is

Fig. 2. The distribution of CoNeS for genes underlying inborn errors of immunity (IEI). (A) The number of genes underlying IEI, according to the mode of
disease inheritance. (B) The distribution of CoNeS for autosomal genes underlying IEI, according to their dominant (AD), recessive (AR), or both dominant and
recessive (AR/AD) mode of inheritance, relative to autosomal background (AB) genes. (C) The distribution of CoNeS for X-linked genes underlying IEI, relative
to autosomal (AB) and X chromosome (XB) background genes.
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significantly lower than that for AB genes (Fig. 2C). Further-
more, IEI XR genes showed stronger evidence for negative se-
lection than XB genes, as indicated by their lower CoNeS
(median, −1.17; Wilcoxon test, P = 1.19 × 10−5; resampling-
based test, P = 2.21 × 10−2; SI Appendix, Table S6). CoNeS,
pLI, and evoTol were the statistics yielding the most significant
difference between IEI XR and XB (SI Appendix, Table S6). At
the individual gene level, only one IEI XR gene has a positive
CoNeS value: CSF2RA (0.324). Human CSF2RA deficiency
causes juvenile pulmonary alveolar proteinosis, a disease that
was lethal until very recently (27). However, CSF2RA lies in the
pseudoautosomal region of the X and Y chromosomes, ac-
counting for pseudoheterozygous boys not developing disease.
Serving as a natural control, this gene was, therefore, unsur-
prisingly under weaker selection than the genes underlying truly
XR IEI. Collectively, these results suggest that X chromosome
genes underlying IEI are, like autosomal IEI genes, under
stronger selective constraints than the rest of the coding genome,
a trend that may become stronger as new IEI are being
discovered.

Negative Selection Scores Are Stronger in Genes Underlying
Early-Onset, Highly Penetrant Recessive IEI. We investigated
whether the genes underlying diseases that decrease fitness the
most were under the strongest selective constraints, by classifying
genes underlying IEI into two categories: 231 genes that, when
mutated, underlie severe disease and prevent patients from
reaching reproductive age (i.e., early-onset, highly penetrant
diseases [EOHP]) in the absence of modern treatment, and 134

genes, comprising all the other genes causing diseases with in-
complete penetrance and/or a more moderate impact (i.e., later-
onset, incompletely penetrant diseases [LOIP]), as demonstrated
by the findings for at least one reported multigenerational
multiplex family (whether dominant or recessive). Genes un-
derlying AR and XR IEI are enriched in EOHP genes (76.5%
and 75.0%, respectively), whereas AD diseases are typically as-
sociated with LOIP genes (80.9%) (χ2 test, P = 4.56 × 10−17;
Fig. 3A). This observation suggests that variants underlying AR
IEI decrease fitness more than variants underlying AD IEI,
consistent with the negative relationship observed between fit-
ness and the dominance coefficient in Drosophila, yeast, and
thale cress (28–30). However, we caution this result, because the
observed enrichment may also be due to a bias in the IEI da-
tabase (e.g., severe dominant diseases are more difficult to dis-
cover and study). Interestingly, we observed that the IEI AR
genes of the EOHP group show significantly lower negative se-
lection scores than those of the LOIP group (medians, −0.0742
and 0.413, respectively; Wilcoxon one-tailed test, P = 1.72 ×
10−5) or AB genes (Wilcoxon one-tailed test, P = 2.13 × 10−3; SI
Appendix, Table S7). The observation was not replicated for IEI
AD, IEI AR/AD, and IEI XR genes (Wilcoxon one-tailed test,
P = 0.771, 0.602, and 0.466, respectively; Fig. 3B), possibly be-
cause of a lack of power. Together, our findings suggest that
genes underlying severe AR IEI are under stronger selective
constraints than genes causing milder AR IEI. They also provide
evidence that age of disease onset and clinical penetrance affect
the levels of negative selection at human disease-causing genes.

The Mechanism of Dominance Affects Negative Selection Scores.
Dominance can operate by negative dominance (ND), hap-
loinsufficiency (HI), or gain of function (GOF) (31). In AD
disorders due to ND, the AD cellular and clinical deficiencies
are caused by the interference of the mutant gene product with
the activity of the wild-type (WT) product, whatever the mo-
lecular mechanism. In AD disorders due to HI, the mutant copy
is not functional and does not interfere with the WT product,
and the single functional WT copy produces too little protein to
fulfill the function required by the whole organism. HI is more
commonly associated with loss-of-expression alleles and ND with
normally or highly expressed alleles, but rare examples have been
reported of HI with normal levels of the mutant protein (32),
and of ND with a lack of detectable mutant protein (33). Au-
tosomal dominance by GOF defines a third category, in which
the mutant protein is produced at various levels yet results in
abnormally enhanced biological activity (34). We hypothesized

Table 1. Statistical significance of differences in negative
selection scores between genes underlying AD IEI and AB genes

Score Wilcoxon-based test Resampling-based test

evoTol 0.209 0.767
f parameter 5.16 × 10−7 5 × 10−4

LOEUF 1.29 × 10−7 <10−5

lofTool 3.25 × 10−5 2.70 × 10−3

pLI 1.59 × 10−5 <10−5

RVIS 3.29 × 10−6 2.42 × 10−2

SIS 4.48 × 10−5 7.60 × 10−3

CoNeS 1.71 × 10−9 <10−5

The P values for a one-tailed Wilcoxon test and a resampling-based test
(Methods) assessing the difference between IEI AD genes and AB genes
are shown.

Fig. 3. The distribution of CoNeS for genes underlying inborn errors of immunity (IEI), according to disease, age of onset, and penetrance. (A) The number of
IEI genes underlying early-onset, highly penetrant (EOHP) and later-onset, incompletely penetrant (LOIP) IEI, according to the mode of disease inheritance. (B)
The distribution of CoNeS for the IEI genes, as a function of age of onset, penetrance, and mode of inheritance.
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that genes causing dominant disease through HI mechanisms are
under stronger negative selection than those in which the un-
derlying mechanism is ND or GOF, because any
loss-of-expression mutation at HI loci is likely to be LOF and
potentially disease-causing (35). Dominant forms of IEI have
been reported to be caused by variants acting by HI (20 genes),
GOF (17 genes), and ND (10 genes) (SI Appendix, supplemen-
tary files). RAC2 is the only AD gene to have been shown to be
associated with two different mechanisms (ND and GOF), while
TLR3 and IKZF1 are associated with two similar mechanisms
(HI and ND) (36); we classified these three genes as having
“unknown” modes of dominance. As predicted, the CoNeS of
genes operating by HI was lower than that of ND and GOF
genes (medians of −1.36, −0.554, and 0.323, respectively)
(Fig. 4A). Despite the small number of genes in each group, the
difference between AD by LOF and AD by GOF, as well as
between HI and ND, are significant (P = 1.06 × 10−4 and 3.45 ×
10−2; SI Appendix, Table S8). The difference between LOF and
GOF IEI AD genes was the most significant for CoNeS, pLI, and
LOEUF, the latter two metrics reflecting the strength of selec-
tion acting on heterozygotes (23, 37) (SI Appendix, Table S8).
Furthermore, CoNeS, LOEUF, and RVIS are the scores that
provide the most significant separation between HI and ND IEI
AD genes. Accordingly, differences in negative selection scores
between genes underlying AR and AD IEI were stronger when
focusing on genes underlying IEI AD by LOF (SI Appendix,
Table S9). Collectively, these findings indicate that the mecha-
nism of dominance (HI, ND, or GOF) affects the levels of
negative selection on human genes underlying AD IEI.

CoNeS and Most Individual Scores Predict Haploinsufficiency of IEI
Genes. We attempted to predict whether a given AD IEI gene
can be HI or not by using negative selection scores as predictors.
All individual scores performed better at this task than P(HI), a
supervised model that combines genomic, evolutionary, and
functional features (38), but includes genes underlying recessive
disorders as negative controls (rather than genes underlying
dominant disorders by means other than HI), with CoNeS dis-
playing the best results. We then trained supervised models by
using the IEI AD genes with a unique and known mode of
dominance as training set and the individual scores as features.
We used support vector machines (SVMs) with Euclidian,
polynomial, or radial kernels as well as random forests and
k-nearest neighbors and adjusted their parameters with nested
cross-validation (Fig. 4B, SI Appendix, Table S10, and Methods

for details). An SVM with a polynomial kernel was the best su-
pervised model, but was outperformed by pLI, SIS, LOEUF, and
CoNeS. We tested versions of CoNeS with each of the individual
selection scores removed one by one, but none of these versions
improved the performance of the original CoNeS (SI Appendix,
Table S11). Out of all the tested models, CoNeS is the most
appropriate score to predict whether a gene that causes an AD
IEI does so by HI or by another mechanism.

Disease Severity, Mode of Inheritance, and Mechanism of Dominance
Independently Affect the Strength of Negative Selection on IEI Genes.
Recessive IEI tend to be more severe than dominant IEI
(Fig. 3A). We therefore investigated whether dominance and
disease severity affect the measured levels of negative selection
on IEI genes in an independent manner. We fitted a linear re-
gression model to all IEI autosomal genes, predicting CoNeS
and using as covariates the mode of inheritance (coded as AR,
AD, or both), a measure of the severity of the associated disease
(coded as EOHP or LOIP), coding sequence length, and gene
GC content (coded as a percentage) (SI Appendix, Tables S12
and S13). This multiple linear regression model predicted
CoNeS with significant performance (P = 8.3 × 10−7). The mode
of inheritance and severity predicted CoNeS better than they
would predict any of the individual scores, with the exception of
pLI, whereas coding sequence length and GC content did not
improve predictive performance (P = 0.63 and 0.45, respec-
tively). GC content significantly improved the prediction of
evoTol, lofTool, and RVIS (P = 3.5 × 10−2, 3.0 × 10−3, and 4.5 ×
10−4, respectively), these relationships probably being due to
computational artifacts in these methods (see SI Appendix, Table
S12 for a full comparison). Coding sequence length did not im-
prove the prediction score for any method. When IEI AD genes
were considered separately, the mechanism of dominance im-
proved prediction even further for most methods (ANOVA, P =
8.12 × 10−5 for CoNeS; see SI Appendix, Tables S14 and S15 for
complete results). These results demonstrate that mode of in-
heritance, mechanism of dominance, and clinical severity of IEI
are three independent determinants of the strength of negative
selection, as measured by CoNeS, on disease-causing genes.

The Mode and Mechanism of Inheritance Affect the Levels of
Negative Selection on Genes Underlying IEND. To validate the re-
sults obtained for IEI genes, we compared the CoNeS values of
genes underlying IEND, a group of severe, early-onset diseases
with well-characterized genetic etiologies (39). We classified the

Fig. 4. Negative selection scores of genes with different mechanisms of disease dominance. (A) The distribution of CoNeS for genes causing autosomal
dominant IEI, according to mechanism of disease dominance. (B) Precision–recall curves for p(HI), CoNeS, and the best supervised model when trying to
distinguish between haploinsufficient and haplosufficient (gain-of-function or dominant-negative) IEI genes. The dashed line is the maximum precision–recall
curve, the dotted line the minimum precision–recall curve, and the mixed line a random classifier precision–recall curve.
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1,140 genes underlying IEND according to their mode of in-
heritance: 650 genes underlie AR IEND, 303 underlie AD
IEND, and 65 underlie both AR and AD IEND, whereas 46 and
6 X-linked genes underlie XR and XD IEND, respectively, and
70 X-linked IEND genes have an unknown mode of inheritance
(Fig. 5A). Consistent with the results obtained for IEI, negative
selection scores were significantly lower for AD IEND genes
(median, −1.61) than AB genes (Wilcoxon one-tailed test, P =
4.54 × 10−133, and resampling test, P < 10−5) (Fig. 5B and SI
Appendix, Table S16), whereas the scores for AR IEND genes
were not different (median, −1.44 × 10−2; resampling-based P =
0.192; SI Appendix, Table S17). In contrast to the results
obtained for IEI, AR/AD IEND genes showed stronger evidence
for negative selection than AB genes (median, −1.01; Wilcoxon
test, P = 4.55 × 10−14; Fig. 5B and SI Appendix, Table S18), al-
though to a lesser degree than IEND AD genes. Stronger evi-
dence for negative selection was also found for X-linked IEND
genes, relative to XB genes (Wilcoxon one-tailed test, P = 3.39 ×
10−37; Fig. 5C and SI Appendix, Table S19). We found no sig-
nificant difference between X-linked genes underlying diseases
with unknown modes of inheritance, recessive or dominant dis-
eases (medians, −1.54, −1.48, and −1.43, respectively). Finally,
CoNeS was lower for the 237 IEND AD acting by HI (me-
dian, −1.69), than for the 44 IEND AD genes not acting by HI
(median, −0.857) (P = 1.12 × 10−13) (Fig. 5D and SI Appendix,
Table S20). These results confirm that the levels of negative
selection on disease-causing genes depend on the mode of in-
heritance and mechanism of dominance of disease.

Negative Selection Scores Predict Autosomal Dominant and Recessive
Inheritance. We attempted to predict whether an autosomal
candidate gene is likely to underlie a dominant or recessive
disease. We compared our performance with that of DOMINO,
a supervised method that integrates numerous gene-level metrics
that capture conservation and protein structure features in order
to predict whether a gene is likely to underlie a dominant or
recessive disease (40). pLI and DOMINO are the methods that
perform the best on hOMIM, while CoNeS and DOMINO are
those that perform the best on IEI genes (SI Appendix, Fig. S5),
and DOMINO and LOEUF on IEND genes (SI Appendix, Table
S21). We improved the performance of CoNeS by removing
some individual scores (SI Appendix, Table S22), but its perfor-
mance did not reach that of DOMINO on either hOMIM or
IEND genes. We then trained a supervised model to distinguish
between AR and AD genes on a dataset combining hOMIM,
IEI, and IEND that included as features both DOMINO and the
seven individual selection scores previously described. We eval-
uated its performance through leave-one-out cross-validation.
Our supervised metric, which we denote as SCoNeS (supervised
CoNeS), is the predicted probability of a given gene being AR.
We chose a random forest classifier but also tested SVM (with
Euclidian, polynomial, and radial kernels) and k-nearest neigh-
bors (Methods and SI Appendix, Table S23). SCoNeS out-
performed DOMINO as well as every other metric on IEI
(Fig. 6A), IEND (SI Appendix, Fig. S6), and hOMIM genes (SI
Appendix, Fig. S7) that are not part of the DOMINO training set.
After DOMINO, LOEUF and pLI were the components that

Fig. 5. The distribution of CoNeS for genes underlying inborn errors of neurodevelopment (IEND), according to disease mode of inheritance and mechanism
of dominance. (A) The number of genes underlying IEND, according to the mode of disease inheritance. (B) The distribution of CoNeS for autosomal genes
underlying IEND, according to their dominant (AD), recessive (AR), or both recessive and dominant (AR/AD) mode of inheritance, relative to autosomal
background (AB) genes. (C) The distribution of CoNeS for genes on the X chromosome, relative to AB genes. (D) The distribution of CoNeS for IEND AD genes,
according to the mechanism of dominance.
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contributed the most to SCoNeS (SI Appendix, Fig. S8). The
distribution of SCoNeS for genes underlying AR IEI and AD IEI
have largely different modes (Fig. 6B, in leave-one-out for the
IEI AR and IEI AD genes; see SI Appendix, Fig. S9 for the
IEND genes and SI Appendix, Fig. S10 for the hOMIM genes).
Only 7 out of 245 IEI AR genes are misclassified as AD
(SCoNeS < 0.25), when removed from the training set (SI Ap-
pendix, supplementary file). All these genes underlie early-onset
diseases with complete penetrance. By contrast, 20 out of 59 IEI
AD genes are misclassified as IEI AR (SCoNeS > 0.75) when
removed from the training set (SI Appendix, supplementary file).
More than two-thirds of these genes (14/20) are either dominant
through GOF or with an unknown mode of dominance, a quarter
(5/20) are ND with incomplete penetrance, while another, CD46,
is classified as HI, but has a complex mode of inheritance, with
some AR cases reported in the literature (41). The false-negative
rate of SCoNeS is therefore lower for genes underlying AR than
AD diseases, which may be due to the heterogeneous levels of
negative selection observed for genes underlying AD diseases.
These results demonstrate that SCoNeS provides an improve-
ment over state-of-the-art methods when predicting the mode of
transmission of genes that cause IEI.

Discussion
With recent advances in high-throughput DNA sequencing,
genes underlying inborn errors are increasingly discovered and
characterized. Detailed studies of disease transmission and
functional impacts of disease-causing variants provide the unique
opportunity to evaluate how disease inheritance, severity, and
mechanism of dominance translate into various levels of negative
selection on the corresponding human protein-coding genes. We
quantified the levels of selective constraints on known disease-
causing genes by developing and using the CoNeS score, which
combines interspecies and intraspecies measurements of nega-
tive selection. We first focused on genes responsible for IEI and
then replicated our approach on genes underlying IEND. We
demonstrated that CoNeS approximates the strength of negative
selection acting on human genes, as it is lower for genes on the X
chromosome than for those on autosomes, for loci underlying
Mendelian diseases than for other genes, and at loci underlying
dominant diseases than those underlying recessive diseases.
Importantly, we showed that the CoNeS score was significantly
lower at loci underlying recessive IEI with a high degree of
clinical severity than for other genes underlying recessive IEI.
This result contrasts with the nonsignificant difference observed

in a previous study based on highly penetrant OMIM genes (6)
but confirms a more recent study based on the Bayesian esti-
mation of the selection coefficient of heterozygotes for HI genes
(8). This discrepancy probably reflects differences in power and
in the annotations of disease databases. Together, these results
indicate that the effects of negative selection on genetic variation
depend on both the mode of inheritance and the clinical out-
come of human diseases.
We found stronger evidence for negative selection at genes

underlying inborn errors that are dominant by HI, relative to
genes that have other mechanisms of dominance. The signifi-
cantly lower CoNeS score for HI genes than for other AD genes
is not confounded by other factors such as gene size or GC
content and is to be accounted for principally by the inclusion of
the LOEUF and pLI statistics (SI Appendix, Table S14). pLI was
originally described as “the probability of being loss-of-function
intolerant” and has been used for the classification of HI genes
(12). However, it was recently argued that pLI cannot be used to
infer the HI status of genes directly, because it reflects only the
strength of selection acting on heterozygotes (37). Here, we
showed that negative selection scores are significantly different
between HI and other genes, for both pLI and CoNeS. Three
nonmutually exclusive mechanisms can explain the increased
negative selection on HI genes: 1) diseases caused by mutations
in HI genes are more severe than dominant diseases caused by
mutations in other genes (i.e., their selection coefficient s is more
negative); 2) heterozygotes for mutations in HI genes may have a
clinical presentation that is as severe as that of homozygotes
(i.e., their dominance coefficient h is higher); 3) and/or the
probability of a LOF variant to affect the molecular function of
the protein is higher for a HI gene, whereas most variants of
GOF or ND genes are not disease causing, whether isomorphic,
hypomorphic, or even LOF, because they do not create GOF or
ND (35). We hypothesize that this translates quantitatively into
stronger evolutionary constraints on HI genes than on other
autosomal genes underlying dominant conditions.
The search for candidate genes for a specific Mendelian or

non-Mendelian monogenic disease requires to study disease
transmission and determine its mode of inheritance. This infor-
mation is usually leveraged to increase the power of linkage
analyses. We suggest that candidate genes can be further prior-
itized based on their mode of inheritance predicted from nega-
tive selection scores. Our study shows that, although all scores
are informative for this, some metrics do perform differently. For
example, lofTool and evoTol are the only scores able to

Fig. 6. The performance of SCoNeS to predict disease mode of inheritance on genes underlying inborn errors of immunity (IEI). (A) The precision–recall
curves for CoNeS, DOMINO, and SCoNeS when trying to distinguish between genes underlying autosomal dominant (AD) IEI and autosomal recessive (AR) IEI.
SCoNeS values are calculated through leave-one-out. (B) The distribution of SCoNeS for genes underlying AD IEI, AR IEI, and AR/AD IEI. SCoNeS for genes
underlying IEI AD and for genes underlying IEI AR was calculated through leave-one-out.

Rapaport et al. PNAS | 7 of 9
Negative selection on human genes underlying inborn errors depends on disease outcome
and both the mode and mechanism of inheritance

https://doi.org/10.1073/pnas.2001248118

EV
O
LU

TI
O
N

https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2001248118/-/DCSupplemental
https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2001248118/-/DCSupplemental
https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2001248118/-/DCSupplemental
https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2001248118/-/DCSupplemental
https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2001248118/-/DCSupplemental
https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2001248118/-/DCSupplemental
https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2001248118/-/DCSupplemental
https://doi.org/10.1073/pnas.2001248118


distinguish hOMIM AR disease-causing genes from AB genes.
One of the reasons could be their internal use of FATHMM
(42), which includes known disease mutations as a training set
(43) and may overfit well-known disease genes included in
hOMIM. An overfitted gene score would increase error to pre-
dict the mode of inheritance of novel disease-causing genes,
whose mutation patterns do not fit existing databases. CoNeS
and SCoNeS show two paths to avoid overfitting: unsupervised
classification for CoNeS and supervised classification for
SCoNeS by leave-one-out cross-validation. Both scores perform
similarly to, or better than, individual scores on the independent
datasets of genes underlying IEI and IEND, indicating good
performance.
Two related limitations of our study are the assumption that

all mutations at a given locus cause diseases with the same se-
verity and mode of inheritance, and that the strength of negative
selection is equal all along a given gene. Several genes, such as
C3 (44) and STAT1 (45), were found to be under strong negative
selection (CoNeS of −1.64 and −1.84, respectively), but to be
associated with several diseases of different severities, modes of
inheritance, and/or incomplete penetrance. The additive effects
of multiple small constraints on most of the sequence result in
strong overall constraints on these genes. Conversely, a small
number of genes are under weak negative selection, whereas
their variants underlie severe diseases. For instance, some het-
erozygous variants of TCF3 (CoNeS of 0.420) underlie an AD
deficiency of the E47 transcription factor (46), a very severe
disease, as well as to a severe AR hypogammaglobulinemia (47).
However, all reported heterozygous patients share an identical
mutation in the small bHLH domain of the TCF3 gene, sug-
gesting that there may be heterogeneity in the selective con-
straints on the gene. We tested this hypothesis with subRVIS
(48), a domain-level version of RVIS (5) (SI Appendix, Fig. S11).
Our findings confirmed that most domains of the gene were not
particularly constrained (subRVIS = 83.8; i.e., 83.8% of the
domains of all human proteins are under stronger constraints),
while the bHLH domain was under relatively strong negative
selection (subRVIS = 18.4). These examples suggest that future
studies should take such heterogeneity into account and inte-
grate local measurements of selective constraints (48, 49).
In summary, our results indicate that genes underlying inborn

errors show various levels of negative selection according to
disease mode of inheritance, disease severity, and mechanism of
dominance, in good agreement with expectations from pop-
ulation genetics models. The observation of stronger negative
selection acting on HI genes, relative to other genes underlying
dominant diseases, calls for further theoretical and experimental
testing. Our study shows that negative selection scores, including
the consensus CoNeS metric, can provide valuable information
to predict whether a gene is likely to underlie a recessive or
dominant disease. By integrating negative selection scores with
other gene-specific metrics, such as pathway centrality (50) and
epigenetic marks (51), future studies based on supervised machine
learning (52, 53) may help predicting the dominance and patho-
genicity of candidate variants for severe disorders, ultimately fa-
cilitating the dissection of genetic etiologies of human diseases.

Methods
Gene and Disease Annotations. The lists of hOMIM and IEI genes and their
modes of inheritance were obtained from previous publications (6, 54). Each
IEI gene was manually annotated for severity and (when AD) for mode of
dominance (SI Appendix, supplementary file 1). The IEND gene list was as-
sembled from the SysID reference database (39) (SI Appendix, supplemen-
tary file 1). The AB and XB gene groups included all human genes not listed
in the OMIM, IEI, or IEND lists or in the list of essential mouse and human
genes defined in a previous study (26).

Computation of the Scores. EvoTol (22), lofTool (13), and SIS (24) statistics
were downloaded from the corresponding publications. Values for pLI (12)
and LOEUF (23) were obtained from gnomAD, version 2.1. For RVIS (5), we
downloaded the values calculated with ExAC v2 from the RVIS website. For
the f parameter from SNIPRE (11), we used the values calculated in a previous
study (55). We unified the gene names through the checkGeneSymbols func-
tion of the HGNChelper package, version 0.8.1 (56). For each of these scores, we
computed the missing values with the imputePCA function of the missMDA
package, version 1.14 (57). We then used the PCA function from FactoMineR,
version 1.41 (58), and the first component, which we standardized through the
scale function, as the CoNeS score. In total, we computed the individual sta-
tistics and CoNeS for 18,801 genes (SI Appendix, supplementary file 1). For the
calculation of subRVIS (48) for TCF3, we used the subRVIS website with the
options domain-level and quantile values. We used R, version 3.5.2.

Comparison with Random Groups of Genes. For comparisons of negative se-
lection statistics for a test group of autosomal (or X chromosome) genes with
the AB background (or XB) group, we created 100,000 groups of randomly
sampled genes with a coding sequence length in the same decile of the
genome-wide distribution as those of the test group. P values were esti-
mated as the proportion of random groups with a median for negative se-
lection statistics below that of the test group. Based on the number of
random samples, the lowest nonzero P value possible is 1/100,000 = 10−5.
When the proportion equaled 0, we therefore noted P < 10−5 .

Supervised Classification. In order to build supervised classificationmodels, we
trained SVM with linear, radial, and polynomial kernels from the e1071 R
package. We trained random forest with the randomForest function from
the RandomForest R package. We used the knn function from the class
package for k-nearest neighbors. When a gene was present in more than
one dataset among IEI, IEND, and hOMIM, we annotated the gene as AD
(respectively AR) if the gene was considered AD (respectively AR) in all the
datasets in which it was present. Otherwise, we annotated the gene as AR/
AD. We adjusted the parameters of the SVMs using an internal cross-
validation loop (function tune.svm) and chose the parameters of the best
model to test the performance. The performance is displayed with a
precision–recall curve (function pr.curve from PRROC package).

Data Availability. All study data are included in the article and SI Appendix.
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