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Significance

Although infertility affects up to 
15% of couples, the genetic 
causes have been difficult to 
decipher. This problem is 
complicated by the large number 
of genes that cause infertility 
when perturbed, coupled with 
numerous VUS present in the 
genomes of affected patients. 
Surprisingly, missense variants 
that are classified as deleterious 
by commonly used pathogenicity 
prediction algorithms often cause 
no phenotype when modeled in 
mice. We find that augmenting 
pathogenicity predictions with 
preliminary screens for 
biochemical defects substantially 
enhanced the proportion of 
prioritized variants that caused 
phenotypes in mice. The results 
emphasize that, in the absence of 
substantial improvements in in 
silico prediction tools or other 
compelling preexisting evidence, 
in vivo analysis is crucial for 
confident attribution of infertility 
alleles.
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Infertility is a heterogeneous condition, with genetic causes thought to underlie a sub-
stantial fraction of cases. Genome sequencing is becoming increasingly important for 
genetic diagnosis of diseases including idiopathic infertility; however, most rare or minor 
alleles identified in patients are variants of uncertain significance (VUS). Interpreting the 
functional impacts of VUS is challenging but profoundly important for clinical manage-
ment and genetic counseling. To determine the consequences of these variants in key 
fertility genes, we functionally evaluated 11 missense variants in the genes ANKRD31, 
BRDT, DMC1, EXO1, FKBP6, MCM9, M1AP, MEI1, MSH4 and SEPT12 by gener-
ating genome- edited mouse models. Nine variants were classified as deleterious by most 
functional prediction algorithms, and two disrupted a protein–protein interaction (PPI) 
in the yeast two hybrid (Y2H) assay. Though these genes are essential for normal meiosis 
or spermiogenesis in mice, only one variant, observed in the MCM9 gene of a male infer-
tility patient, compromised fertility or gametogenesis in the mouse models. To explore 
the disconnect between predictions and outcomes, we compared pathogenicity calls of 
missense variants made by ten widely used algorithms to 1) those annotated in ClinVar 
and 2) those evaluated in mice. All the algorithms performed poorly in terms of predict-
ing the effects of human missense variants modeled in mice. These studies emphasize 
caution in the genetic diagnoses of infertile patients based primarily on pathogenicity 
prediction algorithms and emphasize the need for alternative and efficient in vitro or 
in vivo functional validation models for more effective and accurate VUS description to 
either pathogenic or benign categories.

infertility | variants of uncertain significance | CRISPR/Cas9 | meiosis |  
pathogenicity prediction algorithms

A major challenge in human medical genetics is to elucidate VUS residing within 
disease- associated genes. In the absence of strong genetic or experimental data that validate 
functional consequences of such variants, namely single- nucleotide variants/polymorphisms 
(SNVs/SNPs), functional prediction algorithms are commonly used. However, the accuracy 
of these predictors is not sufficiently reliable for basing clinical decisions without corrob-
orating information (1). Compounding our relatively weak knowledge of human infertility 
genetics is the large number of genes that are required for normal fertility (2). Thus, even 
for infertile individuals who have undergone whole genome or exome sequencing (WGS 
and WES, respectively), an actual causal SNV or private mutation will exist within a back-
ground of multiple VUS in candidate genes, making it difficult to conclusively implicate 
any single variant as being responsible for infertility.

CRISPR/Cas9- mediated genome editing provides a means for evaluating potential 
human disease variants in an appropriate in vivo system. We previously adopted an inte-
grated computational and experimental approach to functionally assess potentially dele-
terious missense variants in essential reproductive genes by modeling them in mice (3). 
This approach involved selection of candidate infertility missense variants based on the 
following criteria: a) They reside in genes that are essential for fertility in mice; b) they 
alter an amino acid conserved at least between mice and humans; and c) the amino acid 
change is predicted to be deleterious by various bioinformatic tools. However, a substantial 
fraction of variants tested in this manner had no clear impact on meiosis or fertility (3–6). 
To potentially increase the success rate in selecting actual deleterious missense variants for 
mouse modeling, we added two in vitro prescreens to our selection pipeline (7–9). The 
first was to prioritize VUS that disrupt a known PPI since it has been shown that such 
human disease- causing Mendelian alleles are overrepresented (10), and the second was to 
identify those that destabilize the protein in cultured cells (9). These additional screens 
improved the yield of identifying variants that caused phenotypes (8).

Recommendations by the American College of Medical Genetics and Genomics and 
the Association for Molecular Pathology (ACMG/AMP) have been widely adopted by D
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clinical laboratories around the world to guide interpretation of 
sequence variants (11). These guidelines provided criteria for clas-
sifying variants as pathogenic (P), likely pathogenic (LP), VUS, 
likely benign (LB), or benign (B). The classifications are based on 
distinct evidence types, each of which is assigned a level of strength. 
The Clinical Genome Resource (ClinGen) approves self- organized 
Variant Curation Expert Panels (VCEPs) in specific disease areas 
to make gene- centric specifications to the ACMG/AMP guidelines 
and to classify variants within their scope. As a ClinGen partner, 
the ClinVar database archives genetic variants and assigns predicted 
or known impacts to diseases and other conditions (12). The col-
laboration of these two entities provides complementary resources 
to support genomic interpretation. Unfortunately, ClinGen does 
not have a reproductive-  or infertility- related VCEP that would 
evaluate variants/mutations causing infertility. Consequently, com-
pelling functional evidence from the literature becomes crucial in 
drawing clinical conclusions. Given the lack of appropriate or 
ex vivo systems to evaluate VUS in genes involved in certain 
aspects of reproduction such as spermatogenesis, and in the 
absence of well- characterized families segregating a suspect variant, 
in vivo evidence from knock- in/humanized animal models is cur-
rently one of the most rigorous ways to test the roles of VUS in 
fertility.

Here, we report experiments to test 11 missense variants in 10 
genes crucial for various processes in meiosis or spermiogenesis. 
Nine of these are known to play essential roles in various steps of 
meiotic recombination or meiotic chromosome organization in 
mice (Ankrd31, Brdt, Dmc1, Exo1, Fkbp6, M1ap, Mcm9, Mei1, 
and Msh4), and one (Sept12) is important for sperm morphogen-
esis and motility. We performed functional interpretation of var-
iants in these genes by constructing and analyzing mouse models 
containing the orthologous amino acid substitutions. Despite in 
silico predictions (all cases) or Y2H screening (1 case) indicating 
that these variants are harmful, we found that mice homozygous 
for all but one of these variants—found in a male with nonob-
structive azoospermia (NOA)—were fertile. Our assessment of 
these and other functionally interpreted alleles in mouse models, 
as well as infertility missense variants in the ClinVar database, 
reveals that informative in vivo assays are crucial even when com-
putational predictions and in vitro assays appear compelling.

Results

Selection of Reproduction Genes and Variants. The process 
of spermatogenesis comprises multiple tightly regulated steps 
of differentiation (SI Appendix, Fig. S1). It begins with several 
mitotic divisions of cohorts of spermatogonial stem cells that 
ultimately enter meiotic prophase I. During the leptotene 
substage of prophase I, hundreds of programmed double- strand 
breaks (DSBs) are introduced throughout the genome. They are 
recognized by DNA damage response proteins that ultimately 
repair the DSBs via homologous recombination, and this process 
drives pairing and synapsis of homologous chromosomes (13). 
Prophase I is followed by two cell divisions without intervening 
DNA replication, leading to haploid round spermatids that 
subsequently differentiate into flagellated spermatozoa during a 
process called spermiogenesis.

We evaluated the consequences of putatively deleterious mis-
sense variants in three groups of genes (groups 1 to 3) that are 
known to be essential for fertility in mice. These genes function 
in various stages of spermatogenesis as depicted in SI Appendix, 
Fig. S1, and their biological roles are summarized in the following 
subsection. The first group of population variants (in the genes 
ANKRD31, BRDT, EXO1, FKBP6, DMC1, and MSH4) was 

selected predominantly on the bases of in silico prediction of path-
ogenicity (classified as being deleterious by the SIFT and 
PolyPhen2 pathogenicity prediction algorithms) and minor allele 
frequency (MAF) (Fig. 1). Regarding the latter, we prioritized 
missense variants segregating in human populations at a MAF of 
0.01 to 1% according to the GnomAD database. Lower allele 
frequencies (AFs) were avoided in our original selections because 
far fewer people had been sequenced at the onset of this project 
compared to the present day, raising a concern that certain “var-
iants” were actually technical errors. Nineteen missense variants 
were identified under these criteria (SI Appendix, Fig. S2A).

Group 2, consisting of alleles of SEPT12, was selected using 
biochemical criteria. Mutations that disrupt PPIs are enriched as 
a molecular cause of human genetic diseases (10). To explore 
whether PPI disruption might be an effective molecular screen for 
potential pathogenic infertility variants, Y2H assays were per-
formed on SEPT12 variants to determine whether the altered 
amino acids disrupted known interactions with other Septins, 
SEPT1 and SEPT5 (14–16). We screened five variants, four of 
which disrupted a PPI (Fig. 1 and SI Appendix, Fig. S2B). One 
variant, p.Gly169Glu encoded by rs138628476, was reported by 
our groups to cause male subfertility in a mouse model (7). The 
other three PPI- disrupting variants were added to our candidate 
list.

Group 3 consisted of genes (MCM9, M1AP, and MEI1) har-
boring potentially pathogenic variants identified by WES of men 
clinically diagnosed with spermatogenic impairment (Fig. 1). Like 
group 1, all three alleles are polymorphisms (not private muta-
tions) that were classified as being pathogenic by SIFT and 
PolyPhen2 (as well as other predictors as addressed later). The 
variants selected in this group have been implicated as causes of 
infertility in only a single case or family.

Phenotypic Analysis of Mouse Models. Based on our variant 
prioritization, Y2H screening, and resource capacity, we chose nine 
missense variants from groups 1 and 2 for functional testing by 
mouse modeling (Table 1). This includes one variant in DMC1 that 
met the criteria described above, except for having a lower AF than 
0.01% cutoff. Additionally, the three variants found in infertile 
men were modeled in mice. Using CRISPR/Cas9- mediated 
genome editing in zygotes, we successfully generated 11 mouse 
lines modeling their corresponding human amino acid variants 
(SI  Appendix, Fig.  S3). To identify any potential reproduction 
defects, the animals were bred to homozygosity and tested for 
several fertility parameters as described previously (3–7, 9),  
including testis weight, gonad histology, and sperm counts for 
males. For the group 1 genes with known roles in meiosis, we also 
analyzed spermatocyte surface spread preparations of prophase I 
chromosomes via immunolabeling for key proteins. Fertility trials 
were performed for the relevant sex (those indicated from knockout 
mice) in all cases. A brief description of the genes studied, and the 
phenotypes of mouse models, are presented below.

DMC1 (DNA Meiotic Recombinase 1) is a meiosis- specific 
homolog of Escherichia coli RecA and is expressed in leptotene- to- zygotene 
spermatocytes, stages corresponding to initiation of homologous chro-
mosome pairing. Following generation and exonucleolytic processing 
of meiotic DSBs to expose 3′ overhangs bound by single- stranded 
DNA- binding protein RPA, DMC1 and a related recombinase 
RAD51 catalyze strand exchange, promoting homolog recognition 
and pairing. Male and female mouse mutants null for Dmc1 are sterile 
due to failed DSB repair and interhomolog synapsis, both of which 
trigger prophase I arrest and checkpoint- mediated elimination of mei-
ocytes (17, 18). We generated mice modeling the missense variant 
rs189722264 (NG_017203.1:g.8500G>T; p.Gly50Cys) (SI Appendix, D
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Figs. S3A and S4), which was predicted to be highly deleterious by 
both SIFT and PolyPhen2 (Table 1). In contrast to mice bearing a 
frameshift (presumably null) allele generated in the same editing exper-
iment, which were azoospermic as expected, Dmc1G50C/G50C female and 
male mice had normal fecundity (SI Appendix, Fig. S5A). Mutant males 
had testis sizes and sperm counts similar to WT sibs (SI Appendix, 
Fig. S5 B and C), and histology revealed normal spermatogenesis, 
unlike the maturation arrest observed in Dmc1−/− mice (SI Appendix, 
Fig. S5D).

FKBP6 (FK506 binding protein 6) encodes a cis- trans- peptidyl- 
 prolyl isomerase, in which resides the amino acid altered by 
rs3750075 (NG_023242.2:g.6245C>A; p.Phe72Leu) (SI Appendix, 
Figs. S3B and S4). This gene functions in immunoregulation and 
basic cellular processes involving protein folding and trafficking. 
Expressed in several tissues (19), FKBP6 localizes to meiotic chro-
mosome cores and regions of homologous chromosome synapsis 
(20). Despite its expression in both testis and ovary, its deficiency 
only causes male- specific infertility (20, 21). FKBP6 variants have 
been associated with NOA and idiopathic infertility (22, 23). 
Fertility tests of Fkbp6F72L homozygotes revealed normal fecundity 
(SI Appendix, Fig. S5A), testis weights, sperm counts, and testis 
histology (SI Appendix, Fig. S5 B–D).

EXO1 (Exonuclease 1) is involved in repair of DNA mis-
matches and DSBs. Loss of Exo1 causes cancer predisposition and 
infertility in mice (24), the latter related to premature meiotic 
homolog separation before alignment at the metaphase plate (25). 
The SNP rs4149964 changes an amino acid residue (NG_029100.2: 
g.28941C>A; p.Ser456Tyr) in the MLH1 interaction domain 
(SI Appendix, Figs. S3C and S4). Exo1S456Y/S456Y males and females 
showed normal fecundity (SI Appendix, Fig. S5A), and all male 
parameters were normal (SI Appendix, Fig. S5 B–D).

MSH4 (MutS protein homolog 4) is a mismatch repair protein 
essential for meiotic recombination. Male and female mice lacking 
Msh4 are infertile due to meiotic failure (26). We modeled 
rs141042002 (NG_029861.1:g.56405C>T; p.Thr410Met), 
which is located in the DNA- binding domain (SI Appendix, 
Figs. S3D and S4). The Msh4T410M/T410M mutants did not reveal 
any reproductive phenotypes in males or females (SI Appendix, 
Fig. S5 A–D).

BRDT (Bromodomain testis associated) belongs to the 
bromodomain- extra terminal family of proteins. It is expressed in 
pachytene spermatocytes (meiocytes in which chromosomes are 
fully synapsed) and round spermatids. It contains two conserved 
bromodomains (BD1 and 2) involved in the recognition of 

Fig. 1. Scheme for functionally interpreting missense variants in reproduction genes. Variants were divided into three groups according to distinct variant 
prioritization pipelines.
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acetylated histones and an extra terminal (ET) motif region 
involved in PPIs (27–29). Mice bearing a deletion of BD1 have 
oligoasthenoteratozoospermia (30). A null allele is more severe, 
causing complete meiotic arrest (31). As an epigenetic regulator, 
BRDT is required for proper meiotic chromatin organization, 
meiotic sex chromosome inactivation, and normal cross- over for-
mation (32).

We modeled the human BRDT p.Asp550His allele, encoded 
by SNP rs141699970, which resides in the ET domain 
(SI Appendix, Figs. S3E and S4). A mouse line with a 62- nt dele-
tion was also recovered and expanded to serve as a knockout 
allele (Brdt−/−) for comparison (SI Appendix, Fig. S6). As previ-
ously reported (31), Brdt−/− males were infertile; however, 
BrdtD550H/D550H males sired litters of sizes comparable to those of 

Fig. 2. Phenotypic analysis of BrdtD550H mice. (A) Litter sizes from mating of BrdtD550H/D550H (DH/DH), BrdtD550H/+ (DH/+), Brdt+/− (+/−), and Brdt−/− (−/−) animals to 
WT partners. N = 2 for DH/DH male and female mice, N = 3 for −/− male and female mice. (B) Testis weights of 2- mo- old males. (C) Epididymal sperm counts.  
(D) Histological sections of 2- mo- old testes and cauda epididymides. Round germ cells were present in −/− epididymides. (Scale bars, 100 μm.) Black arrowheads 
in the inset indicate meiotic metaphase I–arrested cells. (E) Quantification of TUNEL+ cells in each tubule. (F) Number of tubules containing > 4 TUNEL+ cells. No 
control (DH/+) tubules section had >4. N = 3 mice. (G) Immunolocalization of H3K9me3 and Sycp3 on meiotic prophase I chromosomes in indicated spermatocytes 
stages. Dashed boxes highlight XY bodies. Data in A–C are represented as the mean ± SEM. Data in A–C, E, and F were analyzed using one- way ANOVA with 
Tukey’s post hoc test.
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heterozygous littermates when mated to WT females (Fig. 2A) 
and also had normal testis weights, sperm numbers, and testis 
histology, in contrast to the null (Fig. 2 B–D). Both Brdt−/− and 
BrdtD550H/D550H females were fertile (Fig. 2A), which was expected 
since Brdt is expressed exclusively in the testis (33). TUNEL 
staining revealed more apoptotic cells in the seminiferous tubules 
of BrdtD550H/D550H mice than controls but much less than in 
Brdt−/− mice (Fig. 2 E and F). Depletion of Brdt results in a 
weaker H3K9me3 signal on the sex chromosomes in diplonema 
(32). We confirmed this in Brdt−/− spermatocytes but did not 
observe a difference between BrdtD550H/D550H and control sper-
matocytes (Fig. 2G). However, BrdtD550H/− mice exhibited slightly 
reduced testis weights, presence of metaphase I–arrested sper-
matocytes, and elevated apoptotic spermatogenic cells despite 
having comparable sperm counts and normal H3K9me3 mod-
ification on sex body (Fig. 2 B–G). Therefore, we classify 
BRDTD550H as benign for fertility, although it may be a weak 
hypomorph.

ANKRD31 (Ankyrin repeat domain 31) contains two separated 
triplets of Ankyrin repeats and three conserved domains: a predicted 
coiled- coil domain and two regions without functional predictions 
(34). Male mice lacking Ankrd31 are sterile due to delayed recombi-
nation initiation, altered DSB distribution, and failed recombination 
in the pseudoautosomal region of sex chromosomes, where it is needed 
for DSB formation (34–36). Ankrd31 null female mice are fertile  
but exhibit primary/premature ovarian insufficiency (POI) (34, 35).  

We modeled human rs150791065 (NG_053151.1:g.72881A>G; 
p.Thr557Ala; SI Appendix, Fig. S3F), which is located within ANK1 
domain (SI Appendix, Fig. S4). The fertility test demonstrated that 
Ankrd31T557A/T557A mice of both sexes had normal fecundity 
(SI Appendix, Fig. S7A), and homozygous males also had normal 
testes and sperm counts (SI Appendix, Fig. S7 B–D). Nevertheless, 
since Ankrd31 is essential for recombination between sex chromo-
somes (34), we next examined metaphase chromosomes for this pos-
sible defect in the mutants. Chiasmata were present between each 
pair of homologs and between sex chromosomes in the Ankrd31T557A/

T557A spermatocytes (SI Appendix, Fig. S7E). Finally, because null 
females are fertile despite having a reduced primordial follicle pool 
(34, 35), we quantified follicle numbers in 3-  and 12- wk- old mutant 
ovaries but found no difference compared to controls (SI Appendix, 
Fig. S7 F and G).

SEPT12 belongs to the Septin GTP- binding protein family 
and is exclusively expressed in the testis. It localizes around the 
manchette and the neck region of elongated spermatids as well as 
the annulus of mature sperm. Missense mutations in SEPT12 have 
been implicated as causing sperm defects and infertility in men 
(37). The phenotype of mice lacking Sept12 is not clear. The first 
reported attempt to create mouse mutants did not obtain germline 
transmission, but most chimeras bearing a null allele were infertile, 
showing a variety of testicular phenotypes (38). It is uncertain 
whether these phenotypes were related to haploinsufficiency for 
Sept12 or unrelated defects in the embryonic stem cells in which 

Fig. 3. Phenotypic analysis of Sept12 V162M and Sept12V222I mice. (A) Litter sizes from mating of WT (+/+), Sept12V162M/V162M (VM/VM), and Sept12V222I/V222I (VI/VI) males 
to WT partners. N = 2 for VM/VM and VI/VI mice. (B) Testis weight of 2- mo- old mice. (C) Sperm counts. (D) Histological analyses of 2- mo- old testes. (Scale bars, 
100 μm.) Data in A–C are represented as the mean ± SEM and were analyzed using one- way ANOVA with Tukey’s post hoc test.

Table 1. Variants tested in this study
Gene SNP (rsID) Hs AAS Mm AAS AF (%) SIFT PolyPhen2

ANKRD31 rs150791065 T557A T544A 0.163 Deleterious (0.01) Prob._damag (1)

BRDT rs141699970 D550H D546H 0.0149 Deleterious (0.02) Prob._damag (0.97)

DMC1 rs189722264 G50C G50C 0.0007 Deleterious (0) Prob._damag (0.99)

EXO1 rs4149964 S456Y S454Y 0.347 Deleterious (0) Prob._damag (0.99)

FKBP6 rs3750075 F72L F72L 0.113 Deleterious (0) Prob._damag (0.99)

MEI1 rs75338000 D1258Y D1252Y 0.075 Deleterious (0) Prob._damag (0.97)

M1AP rs140179344 G317R G317R 0.007 Deleterious (0) Prob._damag (1)

MCM9 rs1460351219 R581H R581H 0.0022 Deleterious (0) Prob._damag (0.99)

MSH4 rs141042002 T410M T432M 0.117 Deleterious (0.01) Prob._damag (0.98)

SEPT12 rs144420035 V162M V160M 0.049 Deleterious (0) Poss._damag (0.88)

SEPT12 rs142721632 V222I V220I 0.189 Tolerated (0.31) Benign (0.29)

SEPT12 rs145805283a T111K T109K 0.042 Deleterious (0) Prob._damag (0.96)
AAS, amino acid substitution. AF (Allele Frequency) based on gnomAD. aNo mouse model was made for this allele. Variants in SEPT12 were evaluated by Y2H only.
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the targeting was performed. However, mice bearing a phospho-
mimetic allele caused subfertility associated with decreased sperm 
count and sperm motility (38).

The humanized alleles described thus far were selected through 
algorithmic predictions classifying them as likely pathogenic with 
respect to protein function. Additionally, all the alleles were selected 
from available population data of persons unassociated with any 
phenotype. We attempted to increase the likelihood that selected 
alleles would be consequential using two approaches. One was to 
select variants that were pretested for a functional defect, namely 
disruption of a known PPI. Accordingly, four alleles of SEPT12 were 
selected with AF < 1% and that also disrupted at least one PPI. We 
previously performed mouse modeling of one such allele 
(SEPT12G169E/G169E) that indeed caused subfertility and poor motility 
(7). We failed to generate a mouse model for another (Table 1) but 
did generate and characterize two alleles, Sept12V162M and Sept12V222I, 
corresponding to human rs144420035 (NG_030315.1:g.9563G>A) 
and rs142721632 (NG_030315.1:g.9998G>A), respectively 
(SI Appendix, Fig. S3G). Both mutations are located within a GTPase 
domain (SI Appendix, Fig. S4). Males homozygous for both alleles 
were fertile with normal fecundity (Fig. 3A), testis weights, sperm 
counts, and testis histology (Fig. 3 B–D). Thus, only one of three 
with a PPI disruption proved to be pathogenic.

The other approach was to select variants (group 3) that were 
identified in NOA patients, and which also were predicted to be 
pathogenic. As described in Materials and Methods, these three 
variants were identified in research studies designed to identify 
novel causes of NOA in humans. In these studies, we performed 
WES of unrelated cases of idiopathic NOA and then applied com-
putational and statistical filters to the resulting data to generate a 
short list of variants that are strong candidates to be causes of 

NOA. The variants that pass these filters share a core set of features: 
They are rare in the population (<1% AF) according to GnomAD 
v2.1.1, they are predicted to be damaging by one or more patho-
genicity prediction algorithm, and they reside in genes with gene 
expression that is specific to or enriched in the testis.

MEI1 (Meiotic double- stranded break formation protein 1) is 
required for meiotic DSB formation (39–41), a process essential 
for meiotic recombination and normal meiosis (42, 43). Both 
male and female null mouse mutants are sterile, exhibiting com-
plete meiotic arrest from failure to synapse homologous chromo-
somes (39). Biallelic mutations of MEI1 have also been implicated 
as being causal for recurrent hydatidiform moles and NOA in a 
family (44). Variant rs75338000 (NG_068430.1:g.162G>T) 
which results in the substitution of conserved amino acid 
Asp1258Tyr was observed in a patient with NOA due to late 
meiotic arrest. This variant was observed in conjunction with a 
3- bp c.868_870del in- frame deletion. This allele was modeled in 
mice (SI Appendix, Figs. S3H and S4), and both male and female 
MEI1 p.Asp1258Tyr homozygotes were fertile. Male sperm counts, 
testis weights, and histology were unremarkable (SI Appendix, 
Fig. S8).

M1AP (Meiosis 1–associated protein) is a conserved protein of 
unknown biochemical function but when knocked out in mice 
causes male (but not female) infertility associated primarily with 
meiotic metaphase I arrest (45). Biallelic mutations have also been 
associated with NOA and infertility in men (46, 47). We identified 
a missense variant (rs140179344; p.Gly317Arg) in a man with 
idiopathic NOA and histological phenotype of maturation arrest. 
Most in silico tools (7/10) classified this allele as being pathogenic, 
though ClinVar classified it as LB (Table 1; see below). We mod-
eled this allele in mice (SI Appendix, Figs. S3I and S4). Both male 

Fig. 4. Phenotypic analysis of Mcm9 R581H mice. (A) Testis weights of 2- mo- old mice. (B) Sperm counts. (C) Histological analyses of 2- mo- old testes. (Scale bars, 
100 μm.) (D) Representative ovary sections from 2- mo- old mice. The boxed regions are magnifications of follicles. (Scale bars, 250 μm.) Data in A and B are 
represented as the mean ± SEM and were analyzed using a two- tailed unpaired t test.D

ow
nl

oa
de

d 
fr

om
 h

ttp
s:

//w
w

w
.p

na
s.

or
g 

by
 C

O
R

N
E

L
L

 U
N

IV
E

R
SI

T
Y

 E
-R

E
SO

U
R

C
E

S 
A

N
D

 S
E

R
IA

L
S 

M
A

N
A

G
E

M
E

N
T

 o
n 

O
ct

ob
er

 2
0,

 2
02

3 
fr

om
 I

P 
ad

dr
es

s 
12

8.
84

.1
25

.5
7.

http://www.pnas.org/lookup/doi/10.1073/pnas.2219925120#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2219925120#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2219925120#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2219925120#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2219925120#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2219925120#supplementary-materials


PNAS  2023  Vol. 120  No. 30  e2219925120 https://doi.org/10.1073/pnas.2219925120   7 of 12

and female homozygotes were fertile. Testis weights were slightly 
lower in mutants, but sperm counts were not significantly altered, 
and testis histology appeared normal (SI Appendix, Fig. S8). Thus, 
this allele does not appear to cause NOA.

MCM9 (Minichromosome maintenance 9) is a paralog of the sub-
units of the heterohexameric MCM2- 7 replicative helicase (48, 49).  
Mcm9 hypomorphic mutant mice exhibited reduced germ cells at 
birth traceable to slowed proliferation of primordial germ cells 
(PGCs) (50, 51). Knockout females (Mcm9−/−) were sterile, and 
males had greatly reduced (~95%) sperm and exhibited meiotic 
recombination defects (52). MCM9 variants in humans have been 
linked to POI in women (53–55). We modeled the variant 
rs1460351219 in mice encoding a predicted pathogenic variant 
p.Arg581His located within the conserved AAA+ ATPase domain 
of the protein (SI Appendix, Figs. S3J and S4). This variant was 
found in a man with NOA who also had the predicted benign 
variant p.Gln658His, although the allele phasing was not identi-
fied. Homozygous (but not heterozygous) male and female mice 
were infertile. Males had reduced sperm counts, and testis histology 
revealed seminiferous tubule sections with variable degrees of sper-
matogenesis, possibly reflecting a reduction in PGCs (SI Appendix, 
Fig. S1) compounded with meiotic arrest and apoptosis (Fig. 4 
A–C). Females display POI as almost no follicles were observed in 
2- mo- old ovaries (Fig. 4D). These phenotypes resemble those 
reported for a null allele (52).

Performance of Pathogenicity Prediction Algorithms in Identify
ing Disease Causing Variants. To explore why such a high fraction 
of predicted deleterious variants failed to cause the reproductive 
phenotypes in mice, we evaluated the effectiveness of 10 different 
pathogenicity prediction algorithms in classifying 29 human alleles 
(including those presented here) that our group has modeled in 
mice, corresponding to 18 essential fertility genes (3–7, 9). We 
use the terms ‘deleterious’ and ‘benign’ to refer to variants that are 
or are not associated with disease- related phenotypes, respectively.

Unsurprisingly, the predictors performed differently, as they use 
different underlying criteria. Twenty- seven of the 29 alleles were clas-
sified as deleterious by both SIFT and PolyPhen, but only 13 caused 
a detectable phenotype in mice. The REVEL (Rare Exome Variant 
Ensemble Learner) (57) and CADD (Combined Annotation 
Dependent Depletion; a cutoff score of >25 was used) (58) algorithms 
performed best by virtue of being more conservative in deleterious 
calls (Fig. 5A). In contrast to the low accuracy of computational pre-
dictions alone in predicting phenotypes, in vitro assays of variants 
that revealed protein defects (instability, altered function, or PPI dis-
ruptions) correctly predicted mouse phenotypes in 10/14 cases. Of 
the 15 alleles classified as deleterious by both PolyPhen and SIFT and 
for which no in vitro data was available, only three caused a mouse 
phenotype (Fig. 5A and SI Appendix, Fig. S9).

The disparity between the predicted and observed effects of 
these missense variants led us to further explore the 
better- performing algorithms. We built a dataset (“Mouse_all”) 
comprising 235 human missense variants that have been mod-
eled in mice and which reside in genes involved in reproduction 
or other processes (Materials and Methods; Fig. 5B; and 
SI Appendix, Table S1). This group was subdivided into two 
datasets (Mouse_all_D and Mouse_all_B, where D = deleterious 
and B = benign) based on whether the mouse models did or did 
not show a pathogenic phenotype, respectively (SI Appendix, 
Fig. S10A). For a “control” dataset, we retrieved infertility- related 
missense variants from the ClinVar database that had been 
assigned into five categories: ClinVar_B (benign), ClinVar_LB 
(likely benign), ClinVar_VUS, ClinVar_LP (likely pathogenic), 
and ClinVar_P (pathogenic) (SI Appendix, Fig. S10A). For each 

of these datasets, we generated prediction scores from 10 algo-
rithms computed by dbNSFP (database for nonsynonymous 
SNP functional predictions) (59). The prediction score distri-
bution patterns of SIFT, DANN, GERP++ RS, and 
MutationTaster were similar for all categories (SI Appendix, 
Fig. S10B), indicating that these tools failed to discriminate the 
variants functionally. Next, we focused on the ClinVar_B and 
ClinVar_P datasets (n = 851 combined, collectively referred to 
as “ClinVar_infertility”; SI Appendix, Fig. S10A), representing 
the extremes of ClinVar classifications. Whereas the predictions 
of all the tools corresponded well with the pathogenic (ClinVar_P) 
dataset, only REVEL and CADD had relatively low false positive 
(FP, type I error) rates (8.43% and 8.98%, respectively) for the 
benign (ClinVar_B) variants. MutationTaster performed the 
worst (FP rate of 93.17%; SI Appendix, Fig. S10C). Surprisingly, 
all of the prediction tools had higher FP rates (44.19 to 93.33%) 
for the Mouse_all_B group than those in ClinVar_B (infertility) 
group (SI Appendix, Fig. S10C), consistent with a previous study 
showing that prediction tools have high FP values (60).

We next compared the performance of pathogenicity predic-
tors for the ClinVar_infertility and Mouse_all datasets in terms 
of prediction accuracy (ACC), positive predictive value (PPV), 
Matthews correlation coefficient (MCC), and area under the 
curve (AUC) of receiver operating characteristic (ROC). 
Consistent with previous comparisons using ClinVar variants 
(61), REVEL was superior to other predictors for the ClinVar_
infertility dataset (ACC = 0.84, PPV = 0.95, MCC = 0.69, and 
AUC = 0.939; Fig. 5 C–F). However, all the predictors per-
formed worse for the Mouse_all vs. the ClinVar_infertility data-
set (Fig. 5 C–F). The MCC scores for the Mouse_all dataset 
approached 0, indicating that the mouse phenotype and in silico 
interpretations are uncorrelated (Fig. 5E). We next focused on a 
“Mouse_infertility” data subset containing 42 functionally tested 
variants from the Mouse_all dataset (Fig. 5B). All the predictors 
performed similarly between Mouse_all and Mouse_infertility 
datasets (Fig. 5 C–F).

As AF was a criterion for prioritizing missense variants in this 
study, we compared overall AF and Popmax Filtering AF of vari-
ants for predictive value in these three datasets. The latter method 
works under the assumption that there is a maximal credible pop-
ulation AF above which such an allele would not be compatible 
with disease- specific pathogenicity (62). Whereas Popmax Filtering 
and total AF values clearly distinguished between benign vs path-
ogenic variants in the ClinVar_infertility dataset (Fig. 6A and 
SI Appendix, Fig. S11), this was not the case for the Mouse_all 
and Mouse_infertility datasets (Fig. 6A and SI Appendix, Fig. S11).

To study why the predictor performances differed between the 
ClinVar_infertility and Mouse_all datasets (in vivo–tested vari-
ants), we analyzed correlations between variant classifications. We 
retrieved ClinVar annotations of the Mouse_all dataset and found 
that 172 of the 235 variants (73.2%) had been interpreted in 
ClinVar, and 55.2% (95/172) were classified concordantly 
(Fig. 6B). This included 16 of 45 Mouse_all benign variants being 
classified as “Pathogenic/Likely Pathogenic” in ClinVar, and 20 
deleterious variants being classified as “Benign/Likely Benign” 
(Fig. 6B). With the caveat that variants may have different effects 
in human vs mouse and that some of the ClinVar annotations 
based on patients presenting phenotypes other than infertility (for 
example, MLH1/3 variants and cancer), these results raise serious 
questions about clinical usage of ClinVar-  or in silico–based clas-
sifications alone and argues that in vivo–interpreted variants, or 
variants with orthogonal functional evidence, are important for 
accurate classifications of the phenotypic consequences of genetic 
variants.D
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Discussion

WGS and WES are quickly becoming mainstream clinical diag-
nostic tools for identifying genomic causes of rare diseases and 
cancers (63, 64). Nevertheless, wider adoption of sequencing as a 
diagnostic tool for other [potentially genetic] diseases is being 
limited by our ability to accurately classify and interpret the con-
sequences of genetic variants. Many in silico prediction tools were 
developed to filter and prioritize variants as being potentially 

causative for disease, but actual phenotype correlations are difficult 
to predict. Complicating factors include heterogeneity of molec-
ular mechanisms underlying diseases, lack of a deep mechanistic 
understanding of most genes and proteins, and complexity of 
physiological systems. Here, we found that in silico prediction 
tools had high FP rates when used to predict whether a human 
missense variant causes a phenotypic outcome in mouse models. 
This shortcoming underscores the need to combine computational 
predictions with functional evidence from appropriate cellular or 

Fig. 5. Comparison of predicted and actual deleterious variants analyzed with various pathogenicity predictors. (A) In silico prediction outcomes of 10 commonly 
used algorithms for 29 functionally interpreted variants in mouse models. The in vitro experiments of DMC1_M200V variants were performed by ref. 56. The 
variants below the dotted line all were tested by at least one in vitro prescreen experiment. The bond font represents that the variants were identified from 
infertility patients. N.A., not available. (B) Overview of how the Mouse_all and Mouse_infertility datasets were derived. For missense variants modeled in mice, 
only those with SNP rsIDs were considered. (C) Prediction accuracy (ACC), (D) positive predictive value (PPV), and (E) Matthews correlation coefficient (MCC) of 
predictors using ClinVar_infertility (n = 851; only pathogenic and benign variants were used), Mouse_all (n = 235) and Mouse_infertility (n = 42) datasets. (F) ROC 
(receiver operating characteristic) curves of 10 predictors in three datasets and the AUC (area under the curve) values were labeled in brackets.
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animal models in order to be useful for genetic diagnosis of 
disease.

In clinical settings, variant classification is a complex process 
involving the evaluation and interpretation of multiple pieces of 
evidence. In silico predictions represent one of many evidentiary 
factors considered under ACMG/AMP standards. Exclusive 
dependence upon in silico tools can cause erroneous interpretation 
of variants. For example, SPATA16 p.Arg283Gln (65) and 
MEIOB p.Asn64Ile (66) were suggested as causative variants of 
human globozoospermia and azoospermia, respectively, but were 
shown not to cause reproductive phenotypes in mice, even though 
the latter variant caused some meiotic defects (67, 68). Besides in 
silico predictors, biochemical and in vitro approaches are com-
monly used to evaluate the impact of variants on protein function. 
While these approaches help to prioritize or classify variants with 
greater confidence when used in conjunction with in silico pre-
dictions, the impact of such functional variants on reproductive 
organs or phenotype is lacking and unacceptable for use in the 
clinical setting as a sole diagnostic. The DMC1 homozygous var-
iant p.Met200Val was reported to cause POI in an African woman 
(69), and a subsequent study reported that this allele impaired 
biochemical function (56). However, we found that the ortholo-
gous allele of this highly conserved gene did not impair mouse 
fertility (5). In another example of nonconcordance with in vitro 
data, we found that two alleles of SEPT12 did not markedly affect 
mouse reproduction despite disrupting interaction with other 
Septins in the Y2H assay. The frequency of variants in general 
population is another useful criterion to assess the potential path-
ogenicity. Popmax Filtering AF can inform variant clinical inter-
pretations by using a threshold—maximum credible population 

MAF—that is calculated based on disease- specific prevalence, 
heterogeneity, and penetrance and is assumed to negatively impact 
viability and thus frequency in the population (62). The default 
metric is unlikely to be as informative for infertility alleles com-
prising the Mouse_all dataset since viability of people is typically 
not impacted. To test this, we applied AUC analysis to compare 
the total AF and Popmax Filtering AF in ClinVar_infertility data-
set and variants interpreted by mouse models. Popmax Filtering 
AF did not outperform total AF in three datasets, and both AFs 
performed worse for variants interpreted by mouse models than 
classifications in the ClinVar_infertility dataset. Collectively, our 
data emphasize the importance of currently used animal models 
in the functional validation of genetic variants involved in human 
infertility and highlight well- recognized challenges behind deter-
mining the physiological effects of VUS.

Our study included three variants that were identified by WES 
of infertile men. Modeling of the MCM9R581H allele caused 
clear- cut infertility and reproductive defects in both sexes of mice, 
resembling knockout reproductive phenotypes. Since the muta-
tion was not homozygous, we conjecture that the proband’s NOA 
was likely caused by one of the following: 1) an undetected muta-
tion in the second allele, perhaps outside of coding regions cap-
tured by WES; 2) epigenetic silencing of the second allele; or 3) 
mutations/variants in other genes that cause a synthetic phenotype 
in the context of the MCM9 variant. However, it is also possible 
that the infertility in this patient is entirely unrelated to 
MCM9R581H, especially if the second allele was functioning 
normally.

We concluded that the BrdtD550H variant is nonpathogenic since 
mouse homozygotes had normal testis weight, sperm number, and 

Fig. 6. Comparison of allele frequency and variant interpretation. (A) Distribution of missense variants from three datasets comparing total AF vs. Popmax 
Filtering AF (95% confidence). (B) Classification of functionally interpreted missense variants in ClinVar. Variants modeled in mice (n = 172 interpreted in the 
ClinVar database) were classified as either benign or deleterious according to the reported phenotype description. These variants were correlated with ClinVar 
classifications (benign/likely benign, conflicting interpretations, VUS, and pathogenic/likely pathogenic).
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fertility despite the presence of increased apoptotic cells in the 
seminiferous tubules. Interestingly, we found that whereas mice 
bearing this allele in trans to a null (BrdtD550H/−) had sperm counts 
comparable to controls, they exhibited a subtle increase in apop-
totic and meiotic metaphase I–arrested spermatocytes. The mice 
we used were not entirely inbred, so it is possible that heterosis 
suppressed the phenotype. Nevertheless, there was no inconsist-
ency among replicates in terms of fertility. These results suggest 
that functional prediction algorithms may correctly identify mis-
sense alleles that impact the protein in some subtle way that does 
not result in a pathogenic phenotype. However, it should be con-
sidered that the phenotype might be substantially enhanced by 
other background variation in a given individual.

As part of a larger effort to identify true infertility variants 
segregating in people, we have used pathogenicity prediction algo-
rithms as a screen for prioritizing missense variants. However, the 
work summarized here reveals the shortcomings of current pre-
dictors despite being claimed to have an accuracy ranging from 
~65 to 90% (70). Given that a variety of in silico algorithms/
pipelines are employed by clinical labs for prioritizing potential 
disease- causing variants (71), it is important to identify 
high- confidence classifiers to minimize both false- positive and 
false- negative prediction rates. Here, we attempted to address this 
issue by evaluating the performance of predictors in classifying 
infertility- related missense variants deposited in ClinVar. The tools 
varied with respect to agreement with ClinVar annotations, pre-
sumably reflecting differences in feature sets and scoring methods 
employed by these tools. Usually, ensemble prediction tools or 
metapredictors (e.g., CADD and REVEL), which generate their 
predictions based on the output (scores) of other tools, are pur-
ported to have higher classification accuracies than individual tools 
(e.g., SIFT and PolyPhen2).

To estimate the performance of a predictor, commonly used 
parameters include ACC, MCC, sensitivity, specificity, negative 
predictive value, PPV, and AUC. Given that all have flaws, we took 
an alternative approach of considering multiple success rate 
descriptors simultaneously. Here, we compared variant classifica-
tion performance using four metrics, MCC, ACC, PPV, and AUC. 
Consistent with a previous study (61), the consensus results from 
each parameter demonstrated that REVEL outperformed other 
classifiers in analysis of the ClinVar_infertility dataset. However, 
it is important to recognize that ClinVar variants are sometimes 
used to train algorithms either directly (such as MutationTaster) 
or indirectly [e.g., REVEL, which was trained using HGMD calls 
and shares greater than half of ClinVar variants/mutants (72)], and 
conversely, contributions of pathogenicity classifications to ClinVar 
often utilize results of various prediction algorithms (11). Such 
circularities in testing and training data (use of predictor calls in 
ClinVar classifications and training predictors on ClinVar) may 
compromise accuracy of calls (73). Hence, in vivo–tested missense 
variants that are classified according to whether the functional assay 
(i.e., animal modeling) has a disease- causing phenotype or not, 
most likely constitute a more accurate and relevant (albeit small) 
testing set than in silico predictions.

Apart from these issues, there are other potential explanations for 
the poor performance of predictors in classifying alleles in the 
Mouse_all dataset compared to those in the ClinVar_infertility data-
set. One is that a significant proportion of ClinVar classifications, which 
are often used for algorithm training, are inaccurate. Based on data 
from chemical mutagenesis studies in mice, Miosge et al. demonstrated 
that for de novo or rare missense mutants that were algorithmically 
predicted to be deleterious, nearly half were, in fact, neutral or nearly 
neutral by both phenotypic and in vitro assays (60). Similarly, we 
found that all the predictors yielded high FP values (type I error). 

A study of human variants in the ClinVar database provided evi-
dence for extensive misclassifications, suggesting that substantial 
numbers of misclassifications could be corrected by considering AF 
and that input from orthogonal functional and genetic studies are 
crucial for improving variant classification accuracy (74). A second 
potential explanation is that there is a substantial disconnect between 
biochemical and pathogenic effects of variants. That is, living systems 
have robustness or redundancies that largely mask minor biochem-
ical or structural defects of proteins, although subtle molecular 
defects can ultimately lead to AF decline from purifying selection 
(60). A third possible explanation is that the power of predictors 
was not sufficiently evaluated by the modest sample size of the 
Mouse_all dataset. This possibility should become resolved as 
CRISPR- based mouse modeling of human variants is increasing. 
We anticipate that larger datasets will contribute to improving pre-
diction tools. Finally, despite the evolutionary conservation of all 
the amino acids that were investigated here, it is possible that the 
mouse reproductive system is more robust than humans in terms of 
biochemical compensation for alterations or that the consequences 
only manifest themselves over longer human lifespans.

The shortcomings of in silico predictors have been reported by 
others studying missense or splice variants in nonreproductive 
genes (75–79). However, these studies focused on multiple vari-
ants in one or two genes, and utilized various cell- based assays to 
assess functional impacts. While this is preferable to purely in 
silico prediction of VUS impacts, the absence of in vivo pheno-
typic evaluation coupled with restriction of studies to a small 
number of variants or genes might result in bias when judging the 
efficacy of predictor algorithms. For example, MutationTaster was 
found to have the best performance with an MCC score of 0.6 
when assessing 126 CLCN1 (chloride voltage- gated channel 1) 
variants potentially causative for myotonia congenita, using 
Xenopus oocyte cDNA transfection assays (79). However, 
MutationTaster’s MCC score in the Mouse_all dataset was only 
0.08. As we described, our analysis of in silico predictor perfor-
mance using the Mouse_all dataset (consisting of 235 
mouse- interpreted variants in 204 genes representing diverse dis-
eases) revealed no correlation between the mouse phenotype and 
the in silico prediction outcomes, as the MCC scores of all the 
predictors approached 0.

Given the potential issues that can confound the accuracy of 
variant classification in databases, it is important to consider the 
levels of manual curation. ClinVar uses a three- star rating system 
to represent the “Review Status” of each submission. These are 
“single submitter—criteria provided” (one star), “expert panel” 
(three stars), and “practice guidelines” (four stars). Several ClinVar 
derivative platforms have been developed to facilitate exploration 
of, and evidence for, variant interpretations. We used ClinVar 
Miner to identify variants of interest for evaluating the perfor-
mance of pathogenicity predictors and selected one- star rating 
variants because there are no infertility- related variants with three-  
or four- star ratings (no VCEPs exist for infertility, precluding any 
variants from having these ratings). The formation of an infertility 
VCEP for ClinGen (https://www.clinicalgenome.org) is sorely 
needed to critically address the accuracy of pathogenicity calls 
currently present in ClinVar.

In summary, we provide in vivo evidence for 10 of 11 human 
variants in essential reproduction genes to be nonpathogenic, 
despite being predicted to have negative impacts upon protein 
function by in silico pathogenicity prediction algorithms and, in 
one case, the Y2H assay. With the caveats that mice may be more 
tolerant to the protein alterations than humans, or that these 
alleles may contribute to phenotypic defects when combined with 
variations in other genes in individuals, we conclude that all except D
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the MCM9 variant are likely to be clinically benign. The results 
underscore the utility of functional assessments of genetic variants 
in genetic analysis of idiopathic diseases such as infertility.

Materials and Methods

Y2H Screening. Y2H screening for SEPT12 variants was performed as previously 
described (7). Disrupted PPIs were identified by the following criteria: a) The 
mutated protein reduced growth by at least 50% relative to WT as benchmarked 
by twofold serial dilution experiments; b) neither WT nor mutant DB- ORFs were 
autoactivators; and c) the reduced growth phenotype was reproduced across three 
replicates. A mutation was scored as disruptive if one or more corresponding 
PPIs were affected.

Selection of Genetic Variants Identified in Male Infertility Patients. Likely 
causative gene candidates were selected from WES results for a study conducted 
at the Magee- Womens Research Institute of the University of Pittsburgh (80) and 
924 unrelated adult male participants in the Genetics of Male Infertility Initiative 
Consortium (81). For the latter, genotypes were generated by a computational 
pipeline intended to identify rare monogenic causes of NOA (81). Patients were 
diagnosed with idiopathic, nonobstructive spermatogenic failure by a qualified 
physician on the basis of semen parameters, hormone levels, and testes histol-
ogy, when available, in accordance with American Urology Association, American 
Society for Reproductive Medicine, and World Health Organization guidelines  
(82, 83). Individuals with obstructive or known causes of male infertility (e.g., 
CBAVD or 47, XXY karyotype) were excluded from the study.

The mutation in M1AP (ENST00000536235.1: c.G949A:p.Gly317Arg) was 
found as a heterozygote in a single sporadic case with maturation arrest testis 
histology and no family history of consanguinity. This case contained one other 
pathogenic mutation in M1AP (ENST00000536235.1:c.676dupT, p.W226fs), a 
heterozygous frameshift insertion leading to predicted loss- of- function due to 
nonsense- mediated decay. Thus, the presumed genetic model was biallelic loss- 
of- function due to compound heterozygosity, but the phase of the variants was not 
determined. No other potentially causative mutations were identified in this case. 
Another variant, MEI1 p. Asp1258Tyr (rs75338000, NG_068430.1:g.162G>T), 
was observed in a patient with NOA due to late meiotic arrest. This variant was 
observed in conjunction with a 3- bp c.868_870del in- frame deletion. The third 
variant, MCM9 p.Arg581His, encoded by rs1460351219, was in a man with 
NOA who was also heterozygous for a predicted benign allele (rs78791427, 
p.Gln658His).

Generation of Mouse Models by CRISPR/Cas9. All animal usage was approved 
by Cornell University’s Institutional Animal Care and Use Committee, under pro-
tocol 2004-0038 to J.C.S.

Mouse models were generated by CRISPR/Cas9 genome editing technol-
ogy, as described previously (3). sgRNAs and ssODNs are listed in SI Appendix, 
Table  S2. Founders carrying at least one copy of the desired alteration were 
backcrossed into C57BL/6J (or FvB/NJ in the case of Sept12 mutants) for at least 
three generations. Primers used for genotyping the mutant mice are listed in 
SI Appendix, Table S2.

Reproductive Phenotyping. Fertility of mice was assessed by housing 
~2- mo- old mice with opposite- sex WT animals for at least 3 mo. Cauda epididymis 

(one per male) sperm counts and gonadal histology were performed using stand-
ard methods (3). Ovarian follicle quantification was performed as described (84). 
Every fifth section was examined for the presence of the following classes of 
oocytes/follicles: primordial, primary, secondary, preantral, and antral. For 
quantitative analyses, they were grouped into primordial and growing follicles 
(from primary to antral). Meiotic prophase I surface spreads were prepared and 
immunostained essentially as described (85), as were diakinesis/ metaphase I 
chromosome preparations (86). See SI Appendix for details.

Data Preprocessing. The infertility- related variants were downloaded using the 
ClinVar Miner web- based tool (version: 2022- 2- 28) (87). Variants/mutants under 
terms “female infertility”, “genetic infertility”, “infertility disorder,” and “male infer-
tility” with a “one- star criteria provided” designation were selected. The variants 
were organized into five categories (pathogenic, likely pathogenic, VUS, likely 
benign, and benign) and limited to missense variants with a SNP rsID. Sets of 
deleterious and benign missense variants that have been modeled in mice were 
collected from searching the literature using PubMed, Google Scholar, bioRxiv, 
and medRxiv in June 2022 (“Mouse_all” dataset, n = 235 in total, SI Appendix, 
Table S1) and http://www.infertilitygenetics.org/. A subset of these formed the 
“Mouse_infertility” dataset (n = 42). Only the “pathogenic” and “benign” variants 
in ClinVar with no conflicting interpretations were grouped into the “ClinVar_
infertility” dataset (n = 851). Cutoff scores for predictors are listed in SI Appendix, 
Table S3. Total AF and Popmax Filtering AF (95% confidence) were retrieved from 
the GnomAD database. When transforming to the logarithmic scale, 10−6 was 
added to each value because some numbers were 0.

Evaluation of Pathogenicity Predictor Performances. We applied statistical 
metrics derived from a confusion matrix. We identified a correctly classified variant 
as a true positive if, and only if, the variant corresponded to the positive class 
(deleterious) and as a true negative if, and only if, the variant corresponded to 
the negative class (benign). Accordingly, a FP is a negative variant (benign) that 
is classified as positive (deleterious), and a false negative is a positive variant 
(deleterious) classified as a negative one (benign). The formulas used for calcu-
lating and interpreting MCC, PPV, ROC, AUC, and ACC are detailed in SI Appendix.

Data, Materials, and Software Availability. All study data are included in the 
article and/or SI Appendix.
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