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Aneuploidy is the leading contributor to pregnancy loss, congen-
ital anomalies, and in vitro fertilization (IVF) failure in humans.
Although most aneuploid conceptions are thought to originate
from meiotic division errors in the female germline, quantitative
studies that link the observed phenotypes to underlying error
mechanisms are lacking. In this study, we developed a mathemat-
ical modeling framework to quantify the contribution of different
mechanisms of erroneous chromosome segregation to the pro-
duction of aneuploid eggs. Our model considers the probabilities
of all possible chromosome gain/loss outcomes that arise from
meiotic errors, such as nondisjunction (NDJ) in meiosis I and
meiosis II, and premature separation of sister chromatids (PSSC)
and reverse segregation (RS) in meiosis I. To understand the
contributions of different meiotic errors, we fit our model to
aneuploidy data from 11,157 blastocyst-stage embryos. Our best-
fitting model captures several known features of female meiosis,
for instance, the maternal age effect on PSSC. More importantly,
our model reveals previously undescribed patterns, including an
increased frequency of meiosis II errors among eggs affected by
errors in meiosis I. This observation suggests that the occurrence
of NDJ in meiosis II is associated with the ploidy status of an egg.
We further demonstrate that the model can be used to identify IVF
patients who produce an extreme number of aneuploid embryos.
The dynamic nature of our mathematical model makes it a power-
ful tool both for understanding the relative contributions of mech-
anisms of chromosome missegregation in human female meiosis
and for predicting the outcomes of assisted reproduction.

aneuploidy | chromosome missegregation | meiosis | maternal age effect |
mathematical modeling

Pregnancy loss is extremely common in humans. Nearly 20%
of clinically recognized pregnancies result in miscarriage, and

many more unrecognized pregnancies end earlier in develop-
ment (1). A leading cause of early miscarriage is aneuploidy—
defined by the possession of an abnormal number of chromo-
somes (2, 3). With the advent of assisted reproductive technol-
ogies, it has become clear that aneuploidy is the primary cause of
in vitro fertilization (IVF) failure (4). The vast majority of em-
bryonic aneuploidies trace their origins to errors in female
meiosis, which increase in frequency with maternal age (2, 3, 5,
6). In contrast, paternal meiotic aneuploidies occur at low rates,
as reported in many studies (2, 7–10), including a recent large
single-cell study of human sperm (11). Because the average age
at conception is increasing in developed countries (12–14), it is
crucial to understand the mechanisms contributing to aneuploidy
in female meiosis. Such basic knowledge is required to pave the
way for future diagnostic and therapeutic innovations to improve
human fertility.
Data obtained from preimplantation genetic testing for an-

euploidy (PGT-A) provide unprecedented resolution regarding
the incidence and characteristics of chromosome abnormalities
during preimplantation embryo development. PGT-A involves
genomic profiling of DNA extracted from either single-cell bi-
opsies of IVF embryos at the cleavage stage (day 3) or multicell
trophectoderm biopsies at the blastocyst stage (days 5 to 6).
Although many previous studies have reported frequencies of
various chromosome abnormalities observed in PGT-A data

(e.g., refs. 10 and 15), few studies have applied quantitative ap-
proaches to associate observed aneuploidies with their underlying
error mechanisms, such as premature separation of sister chroma-
tids in meiosis I (MI-PSSC), nondisjunction in meiosis I (MI-NDJ),
reverse segregation in meiosis I (RS), and nondisjunction in
meiosis II (MII-NDJ). Inferences of mechanism-specific error
rates are challenging, because although they occur at different
frequencies, the chromosome gains and losses produced by dif-
ferent mechanisms can result in identical karyotypes.
Mathematical modeling can help overcome this limitation. For

example, previous studies used mathematical modeling to gain
insights into the mechanisms of chromosome missegregation in
yeast (16, 17). In these studies, the authors assumed that any
chromosome missegregation event is random and follows a bi-
nomial distribution. Although useful for learning the overall
probability of a chromosome to missegregate, this approach
cannot further disentangle the error source (e.g., MI or MII) and
type (e.g., NDJ, PSSC, or RS). Here, we took a different ap-
proach. By considering major mechanisms of chromosome mis-
segregation during human oocyte meiotic maturation (MI-PSSC,
MI-NDJ, RS, and MII-NDJ), we enumerated all possible out-
comes of female meiosis. Each meiotic outcome was then
transformed into an overall probability with model parameters
directly describing the relative contributions of MI and MII er-
rors. We used the observed abnormalities from human PGT-A
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data to investigate chromosome missegregation frequencies that
lead to aneuploid conceptions. Together, our model revealed
unexpected correlation between MI and MII errors and bi-
ological insights into the genesis of human female meiosis
aneuploidy.

Model
Model Development. We developed a mathematical framework to
describe female meiosis, linking aneuploidy outcomes to their
underlying error mechanisms. When concluded without errors,
female meiosis results in the formation of a mature euploid zy-
gote. When errors occur during MI, chromosomes missegregate
either due to nondisjunction of the homologous pair of chro-
mosomes (MI-NDJ) or due to MI-PSSC. Errors may also arise
during MII due to MII-NDJ. We modeled the MI and MII errors
with the following assumptions: 1) at most, one chromosomal
error occurs per cell division; 2) all chromosomes were consid-
ered to have equal probabilities of missegregation, rather than
chromosome-specific probabilities (in Discussion, we also pro-
vide a section where we relax this assumption); and 3) chromo-
somes or chromatids are equally likely to segregate to the MII
egg and the first polar body, PB1, during MI or the fertilized
zygote and the secondary polar body, PB2, in MII.
Because reverse segregation, where sister chromatids segre-

gate in MI and homologs segregate in MII, was recently de-
scribed as an additional prominent error mechanism in aging
oocytes (18, 19), we also investigated the effects of its inclusion

on overall model performance. All possible chromosome segre-
gation outcomes of the model are depicted in Fig. 1 and listed in
Table 1, along with their underlying mechanisms and derived
probabilities. Here, we use N to describe a full haploid human
chromosome set and C the number of chromatids (Fig. 1,
“Legend”). Because the completion of MII does not occur until
after fertilization, a euploid unfertilized egg is N(2C). For
equations in Table 1, we used the parameter d to express the
overall probability of a single chromosome MI-NDJ mis-
segregation event and the parameter p to describe a single
chromosome MI-PSSC missegregation event. When fertilized,
the metaphase II-arrested egg will complete MII. In MII, chro-
mosomes can erroneously segregate due to an MII-NDJ event.
We indicated a single chromosome MII-NDJ with parameters qi,
i = {1,2,3} in Table 1, respectively. For a euploid egg,
i.e., carrying an expected number of chromosomes N(2C), the
probability of an MII-NDJ event was modeled with q1. Consid-
ering that each of the 23 chromosomes in the normal egg has a
chance to be affected, we arrived at an overall probability of MII
error equal to 23q1 (Fig. 1A). Following an MI error—either MI-
NDJ or MI-PSSC—the probability of the same chromosome
being affected again during MII due to an MII-NDJ event was
modeled with q2 and q3, respectively (Fig. 1 B and C, indicated in
red). Analogous to the euploid egg, the probability of a different
chromosome being affected by MII-NDJ compared with the one
affected during MI was modeled with the parameters 22q2 and
22q3, respectively (Fig. 1 B and C, indicated in blue). Finally, we
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Fig. 1. Graphical representation of the model. (Legend) C describes the number of chromatids with respect to a haploid genome (N). Shortly before
ovulation, a dictyate stage oocyte [2N(4C)] will complete MI, giving rise to a euploid egg [N(2C)] and the first polar body, PB1 [also N(2C)]. When fertilized, the
egg will complete second stage of meiosis, MII, giving rise to a euploid zygote [2N(2C)] and a secondary polar body, PB2 [N(1C)]. Parental nuclei are separate
entities at this stage [N(1C) each]. Possible outcomes of meiosis are enumerated for either error-free MI (A) or MI errors NDJ (B), PSSC (C), or RS (D). For zygotic
maternal pronuclei (blue circles), only a deviation from normal haploid status N(1C) is noted. (A) Following error-free MI, a euploid egg [N(2C)] is fertilized and
gives rise to either a euploid zygote (with probability 1 − 23q1, where q1 stands for the probability of an MII-NDJ error on a single chromosome; Table 1) or to
an aneuploid zygote (with a probability 23q1; Table 1). (B) There is a probability d of an MI-NDJ error. An affected dictyate oocyte will then give rise to an egg
that either carries an extra chromosome copy (i.e., two more chromatids, 2C + 2) or lacks it entirely (2C − 2). (C) There is a probability p of an MI-PSSC error in
MI. An affected dictyate oocyte will then give rise to an egg that either carries an extra chromatid (2C + 1) or lacks one (2C − 1). (B and C) In MII, the sister
chromatids can fail to separate due to NDJ. MII-NDJ can either affect that same chromosome (depicted in red, with a probability q2 in B and q3 in C) or a
different one (depicted in blue, with a probability 22q2 in B and 22q3 in C). (D) There is a probability r of an RS error in MI, but the affected dictyate oocyte will
give rise to an egg that carries normal chromosome content (2C). Following MII, the zygote will either carry normal chromosome number (77% of the times)
or not (23% of the times) (18). The pairs of homologous chromosomes are colored in black/red and gray/blue. The dots represent centromeres. Complex
events affecting multiple chromosomes during meiosis occur with an overall probability c, which is included in model equations in Table 1.
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used the parameter r to express the overall probability of an RS
event affecting a single chromosome in MI. During MII, the
homologous chromatids can either segregate to the mature egg
and PB2 (with probability s) or cosegregate with probability 1 − s
and remain in one of the MII products (either the mature egg
and give rise to trisomy or PB2 and give rise to monosomy;
Fig. 1D). A previous report suggested that s = 77% (18). This
value, however, is from a limited number of IVF patients (six
patients; on average, 37/38 y old). We discuss its impact on the
model estimates below.

Variations of the Model. As introduced in Model Development, an
MII-NDJ error of a single chromosome was expressed with pa-
rameters (q1, q2, q3), depending on the MI outcome, i.e., MI-
Normal, MI-NDJ, or MI-PSSC (Fig. 1 A–C, respectively). Three
different versions of the model were considered: Model 1: (q, q,
q); Model 2: (q, q*, q*); Model 3: (q, q*, q#).

Briefly, in Model 1, we hypothesized that all MII-NDJ events
are equally likely, regardless of the fidelity of the previous MI
division. In this model, the parameters q1, q2, q3 were assumed
equal to a single parameter q. In Model 2, we assumed that q1 =
q and q2, q3 = q*, reflecting the hypothesis that the probability of
MII-NDJ in a euploid egg (2C) is different from that in an an-
euploid egg (2C ± 1 or 2C ± 2). In Model 3, we assumed all qi, i =
{1,2,3} are different, following the hypothesis that the type of MI
error also influences the probability of MII-NDJ. As such, in
Model 3, we set q1 = q, q2 = q*, and q3 = q#. We also investigated
the impact of RS on the Model 2 performance.

Results
Data Description. To parameterize the models, we used previously
published PGT-A data from biopsies of 18,387 day-5 IVF em-
bryos (10). Although day-5 data will include some errors of mi-
totic origin, previous work indicated that many mosaic embryos
arrest before day 5, making day-5 data more suitable for in-
vestigating meiotic errors compared with day-3 PGT-A data (10,
20, 21). After removing embryos carrying putative mitotic or
paternally contributed errors (Methods), we obtained 11,157 day-
5 embryos from 2,920 patients with either normal karyotypes or
aneuploidies affecting maternal chromosomes (Table 2). Puta-
tive paternal errors were excluded to provide accurate estimates
for female chromosomal numerical abnormalities. Of note, pa-
ternal meiotic errors were extremely rare in the dataset (<1% of
all embryos affected; Table 2; also noted in ref. 10), which is in
line with other reports of meiotic errors among healthy and in-
fertile males (2, 7–9, 11). The patients contributing data to this
study underwent IVF treatment for various reasons (e.g., pre-
vious IVF failure, male factor, etc; SI Appendix, Fig. S1). With
the exception of translocation carrier status (a small fraction of
patients), only modest associations between the aneuploidy rate
and the clinical history were reported (10), supporting that our
modeling results are not biased toward a particular clinical
history.
For age-specific inferences of model parameters, we further

split the embryos by age of the mother (SI Appendix, Fig. S2A).
Due to small sample sizes in certain age categories, patients with

Table 1. Possible meiosis outcomes

Meiosis
outcome Error source

Overall
probability

Euploid
conception

Normal (1 − d − p − r − c)
(1 − 23q1)

MI-NDJ + MII-NDJ 0.25 d q2

MI-PSSC + MII-normal 0.25 p (1 − 23q3)
MI-PSSC + MII-normal 0.25 p (1 − 22q3)
MI-PSSC + MII-NDJ 0.125 p q3

MI-RS + MII-homologs split r 0.77
Single

monosomy
MI-Normal + MII-NDJ 0.5 (1 − d − p − r − c)

23q1

MI-NDJ + MII-normal 0.5 d (1 − 22q2)
MI-PSSC + MII-NDJ 0.125 p q3

MI-PSSC + MII-NDJ 0.125 p 22q3

MI-PSSC + MII-NDJ 0.125 p 22q3

MI-PSSC + MII-normal 0.25 p (1 − 22q3)
MI-RS + MII-cosegregation 0.5 r 0.23

Single trisomy
(due to MII
error)

MI-Normal + MII-NDJ 0.5 (1 − d − p − r − c)
23q1

MI-PSSC + MII-NDJ 0.125 p q3

MI-PSSC + MII-NDJ 0.125 p 22q3

MI-PSSC + MII-NDJ 0.125 p 22q3

MI-RS + MII-cosegregation 0.5 r 0.23
Single trisomy

(due to MI
error only)

MI-NDJ + MII-normal 0.5 d (1 − 23q2)

MI-PSSC + MII-normal 0.25 p (1 − 23q3)
Two trisomic

chromosomes
MI-NDJ + MII-NDJ 0.25 d 22q2

MI-PSSC + MII-NDJ 0.125 p 22q3

Trisomy +
monosomy

MI-NDJ + MII-NDJ 0.25 d 22q2

MI-NDJ + MII-NDJ 0.25 d 22q2

MI-PSSC + MII-NDJ 0.125 p 22q3

MI-PSSC + MII-NDJ 0.125 p 22q3

Two monosomic
chromosomes

MI-NDJ + MII-NDJ 0.25 d 22q2

MI-PSSC + MII-NDJ 0.125 p 22q3

Unbalanced
tetrasomy, 3:1

MI-NDJ + MII-NDJ 0.25 d q2

MI-PSSC + MII-NDJ 0.125 p q3

Embryo types are shown with their corresponding probabilities of
occurrence derived based on model structure depicted in Fig. 1. The param-
eters are defined in the model section of the main text.

Table 2. Overview of embryos karyotype categories

Case reported No. of embryos Proportion

Embryos in database 18,387 .
Unknown karyotype 3,664 .
Suspect duplicates 19 .
Unknown maternal age 1,848 .
Errors affecting paternal

chromosomes
1,443 .

Segmental duplications 256 .
Embryos for analysis 11,157 1
No. of patients 2,920 .
Embryos with normal

karyotype (46,XX or 46,XY)
7,221 0.647

Embryos with one error 2,537 0.227
Single trisomy 1,273 0.114
Single monosomy 1,264 0.113
Embryos with two errors 768 0.069
Double monosomy 217 0.019
Trisomy and monosomy 344 0.031
Double trisomy 207 0.019
Embryos with complex

aneuploidies (>2 errors)
631 0.057

PGT-A day-5 data and the proportion of each embryo type are shown. The
nine underlined entries were used in the model selection step. Period (.)
indicates not applicable.
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maternal ages 20 to 26 y were considered as one age category
and similarly so were patients aged 27 to 28 and 44 to 48 y. As
previously reported, proportions of embryos with single, double,
and complex aneuploidies (i.e., those with three or more aneu-
ploid chromosomes) increased with maternal age (SI Appendix,
Fig. S2A, red, yellow, and green bars, respectively), while the
proportion of euploid embryos consistently declined (SI Appen-
dix, Fig. S2A, blue bars). The incidence of single trisomies and
single monosomies were similar across all chromosomes (SI
Appendix, Fig. S3A) and maternal ages (SI Appendix, Fig. S3B),
which supports the argument that both are likely to derive from
the same mechanism and justifies their inclusion in our modeling
framework.

Aneuploid Eggs Are More Prone to MII-NDJ Compared to Euploid
Eggs. To select the model that best explains the PGT-A data,
we used the day-5 counts of aneuploid embryos (Table 2,
underlined nine entries). The embryo categories used for model
selection were 1) proportions of euploid embryos, 2) embryos
with a single error (further split into single monosomies or single
trisomies), 3) embryos with exactly two errors (further sub-
categorized into double trisomies, double monosomies, or tri-
somy and monosomy), and 4) complex aneuploidies (SI
Appendix, Fig. S3C).
All models described in Variations of the Model above had

three error rates in common: MI-NDJ (d), MI-PSSC (p), and
complex errors (c). Model 1 had a single MII-NDJ error rate (q),
whereas Model 2 had two MII-NDJ rates (q and q*) and Model 3
had three MII-NDJ rates (q, q*, and q#). We also present the
results of Model 2 with RS incorporated where one more pa-
rameter for RS was estimated (r). We estimated the parameters
of the models by minimizing the sum of squared residuals be-
tween the model simulations and the observed counts for nine
embryo categories (RSSnine; Methods). Moreover, because many
previous studies showed that MI-PSSC (typically not distin-
guished from RS) is the predominant source of MI error (21–28),
we specified that d < p, meaning that MI-NDJ events are less
likely to occur compared with MI-PSSC. Among the tested
models, Model 1 provided the worst fit to the observed data
(Fig. 2A; RSSnine = 3.9 × 10−3), where none of the nine cate-
gories could be explained well, especially for double-error cate-
gories (Fig. 2A, darkest boxes). Model 2, Model 3, and the
incorporation of RS into Model 2 resulted in similar fits to the
data (Fig. 2A; RSSnine = 2 × 10−5), and the simulated data under
the three models did not significantly deviate from the observed
counts (P = 0.83 for all three models, χ2 goodness-of-fit test;
Methods). Compared with Model 2, incorporation of RS and
Model 3 both require an additional parameter (r and q#, re-
spectively). We used corrected Akaike information criteria
(AICc) to compare model fits while accounting for the number
of model parameters (ref. 29 and Methods). Because Model 2
had the lowest AICc value (AICc = −67), we selected Model 2
for the data analysis presented in this work. As discussed below
in the section describing the relationship between MI-PSSC ad
RS, the parameter p is likely to reflect a combination of MI-
PSSC and RS processes and should be interpreted as a combined
rate throughout the text.
Model 2 suggests that the probability of an error in MII is

associated with the aneuploidy status of an egg following MI.
Specifically, in Model 2, the average probability of MII-NDJ of a
single chromosome in a euploid egg was set to q (Fig. 1A), while
the average probability of MII-NDJ of a single chromosome in
an aneuploid egg was set to q* (Fig. 1 B and C). Note that q*
describes an average rate for any chromosome, regardless of
which chromosome was affected in MI. In this model, the
inferred values of q (0.056 after adjustment; Methods and SI
Appendix, Table S1) and q* (0.121 after adjustment) suggested
that the probability of a chromosome missegregation event in

MII is higher in an aneuploid egg compared with a euploid egg
(∼2.2-fold enrichment in aneuploidy in MI aneuploid eggs; SI
Appendix, Table S1). This result is intriguing, because it implies
that the probability of MII-NDJ is strongly associated with the
outcome of MI.

Inference of Age-Specific Error Rates. To capture the dynamic na-
ture of meiotic errors, we performed age-specific parameter es-
timation for Model 2. Because single trisomy, single monosomy,
double trisomy, double monosomy, and combined trisomy and
monosomy counts exhibited erratic behavior across ages (which
we attribute to small sample sizes within age bins; SI Appendix,
Fig. S2 B–F, shown in red), we only used the four major outcome
categories (SI Appendix, Fig. S2A) to minimize RSSfour in each
age group.
Overall, using the estimated parameters (SI Appendix, Table

S2 and Methods), Model 2 accurately approximated the four
major outcome categories (compare Fig. 2B with SI Appendix,
Fig. S2A). For the remaining five outcome categories, the model
simulations showed only modest deviations from the observa-
tions across examined maternal ages (SI Appendix, Fig. S2 B–F,
shown in black). Our age-specific estimates of model parameters
demonstrated that all meiotic errors increased with maternal
age, although to differing extents. Among all errors, MI-PSSC
was the most dramatically affected by maternal age, with an in-
flection point around 35 y; the average error rate increased by a
proportion of 0.007/y in women younger than 35 y but 0.018/y in
women older than 35 y (Fig. 2C, yellow). In addition, we found
that the maternal age effect on MII error was stronger in an
aneuploid egg than in a euploid egg (Fig. 2D, red vs. black lines,
respectively). MII-NDJ in euploid eggs started to increase in
women older than 35 y and reached a plateau around the age of
38, with an average increase rate of 0.1/y in younger women
(<35 y) vs. 8 × 10−4/y in older women (>35 y). On the other
hand, although the maternal age effect on MII-NDJ in aneuploid
eggs was delayed (inflection point around 38 y), the average rate
of increase was much greater (−3.3 × 10−4/y in younger women
vs. 2.8 × 10−3/y in older women; Fig. 2D). This association sug-
gests that MII-NDJ is differentially affected by maternal age,
depending on whether it occurs in a euploid or in an
aneuploid egg.

Identification of Patients with Extreme Aneuploidy Rates. Aneu-
ploidy is a major contributor to IVF failure, and many studies are
focused on identifying genetic factors contributing to egg quality.
Proper sampling of patients is crucial for these genomic studies.
We hypothesized that this modeling approach can be applied to
select individuals with extreme aneuploidy rates for downstream
sequencing or genome-wide association studies. To demonstrate
this application, we simulated individual patient aneuploidy rates
using the estimated parameter values in SI Appendix, Table S2
(Methods). For each age category and the number of embryos
evaluated, we performed 10,000 simulations of the model to
generate empirical null distributions of the corresponding an-
euploidy rates. We then categorized an individual as having an
extreme high/low aneuploidy rate whenever she produced a
proportion of aneuploid embryos that fell within the 5% right/
left tail of the empirical null distribution, respectively. Using this
definition, we could identify phenotypically extreme individuals
in the observed data on both ends of the age spectrum (Fig. 3).
Among the 1,292 patients with data from at least four day-5
embryo biopsies, we identified 48 individuals with extreme high
aneuploidy rates (Fig. 3, red dots). Similarly, we identified 24
individuals on the other extreme, with lower than expected an-
euploidy rates given model simulations (Fig. 3, black dots).
We then compared the types of errors observed in the extreme

patients with the errors affecting embryos from the rest of the patients
(Fig. 3, red/black vs. gray dots). Interestingly, single-chromosome
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aneuploidy was the most enriched error type among patients with
extreme high aneuploidy rates, as opposed to double or complex error
events (Fig. 3B). Extreme patients from the low aneuploidy rate group
did not show any strong differences in the four categories examined
(Fig. 3C).

Older Patients Are Much More Likely to Benefit from Multiple Rounds
of IVF. As proof of principle of clinical utility of our model, we
used the derived probabilities of aneuploidy rates to determine
the mean probability of having a euploid conception, given the
age of the patient and number of eggs retrieved (Fig. 3D and see
Methods for details). In fact, since recently, there is a suggestion
that controlled ovarian stimulation procedures should be tai-
lored to each patient to ensure that at least one of the collected
eggs will develop into a euploid embryo after fertilization (30). It
is known that in addition to high risk of aneuploidy, patients of
advanced maternal age (e.g., over 40 y) are also limited by the
number of eggs that can be retrieved during a single IVF cycle
(31). From the model simulations (Fig. 3D), we learned that, for
instance, for a 42-y-old patient with an expected retrieval yield of
four eggs per cycle, that patient could increase the average
probability of obtaining a euploid embryo from ∼70 to ∼90%
when doubling the retrieval rate (eight eggs retrieved instead of
just four eggs). Thus, our model simulations suggest that in-
creasing the retrieval rate (or, alternatively, undergoing multiple
rounds of egg retrieval) may be particularly useful for patients of
advanced maternal age, as compared with the younger cohort
(less than 35 y old) (Fig. 3D).

Source of the Abnormal Karyotypes. To assess the underlying cause
of various chromosome abnormalities, we simulated 1,000 pa-
tients with 10 oocytes for each age category and recorded
which errors resulted in either euploid or aneuploid embryos.
Our simulations revealed that MI-PSSC (combined with RS)
events contributed to a substantial proportion of euploid em-
bryos, particularly in patients of advanced maternal age
(≥35 y) (Fig. 4A). This result was not intuitive, because MI-
PSSC is the most frequent error to occur during female mei-
osis and is often associated with aneuploid embryo production.
On average, about 18% of the euploid embryos in patients of
advanced maternal age resulted from an MI-PSSC event fol-
lowed by an error-free MII (Fig. 4 A and B, dark gray), com-
pared with an average of 7% in younger patients (<35 y)
(Fig. 4 A and B, dark gray). This modeling result highlights the
contribution of MI-PSSC to both aneuploid and euploid em-
bryos. Additional MII-NDJ events contributed little to euploid
zygote formation across the entire age span (Fig. 4 A and
B, black).
When studying the source of trisomic embryos, we observed

that the relative contributions of different error types varied by
age groups. MI-PSSC errors followed by error-free MII con-
tributed the most to trisomic embryos in patients younger than
41 y of age (Fig. 4 C and D, gray). In patients older than 41 y old,
however, MI-PSSC followed by MII-NDJ on a different chro-
mosome became the primary source of trisomic embryos
(Fig. 4D, red line). Contribution of MII-NDJ to trisomic em-
bryos was unaffected by age in euploid eggs (Fig. 4D, yellow line)
or when the same chromosome was affected in both MI and MII
(Fig. 4D, blue line).

A B

C D

Fig. 2. Model estimates. (A) Model selection. Rows represent different karyotypes in the dataset (from euploid embryos to embryos with one trisomic
and one monosomic chromosome, with frequencies provided in Table 2), and columns indicate the different models. For each karyotype, relative dif-
ferences between model simulation and data were color-coded on a gray scale, where white represents a perfect fit of the model to the data, and black
means that the model returned a value different from the observation (see color legend for precise values). AICc and χ2 below the array plot represent the
AICc and the significance obtained from χ2 goodness-of-fit test performed on each model estimates compared with observations. ns, not significant;
***P < 2.2 × 10−16. (B) Four major karyotype categories simulated with Model 2. “No error” category (blue bars) represents the count for euploid em-
bryos. “One error” category (red bars) represents single-monosomy or single-trisomy embryos. “Two errors” category (yellow bars) represents embryos
with two aneuploid chromosomes. “Complex events” category (green bars) accounts for the complex error karyotypes. For reference, all possible meiosis
outcomes are shown to the right and indicate which meiosis outcome was used to explain the category plotted on the left. (C and D) Estimated error rates
for Model 2 in each age category. The MI-PSSC error rate (p) and MI-NDJ error rate (d) are shown in yellow and blue, respectively (C ). The adjusted MII-
NDJ error rate in a euploid egg (q) or in an aneuploid egg (q*) are shown in black and red, respectively (D). Adjusted MII rates are used to account for the
MI outcome (Methods).
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Discussion
Faithful chromosome segregation during meiosis is essential to
survival in sexually reproducing species. However, female mei-
osis in humans is remarkably error-prone, leading to frequent
miscarriages (2, 3) and failures of IVF (4). Using a mathematical
framework, we investigated the contributions of various female
meiotic errors to aneuploidy. We demonstrated that the ap-
proach can effectively quantify the rates of these error mecha-
nisms, their dependence on one another, and the extent to which
they are associated with maternal age.

Association between MI and MII Errors. One intriguing result of the
modeling is that the probability of MII-NDJ error is strongly
associated with the MI outcome, i.e., chromosomes are far more
likely to missegregate in an aneuploid egg than in a euploid one
(see estimates in SI Appendix, Table S2). Two non-mutually ex-
clusive hypotheses emerge from this observation. First, MI errors
alter the cellular environment in the egg, which in turn increases

the risk of MII errors. Second, the genetic background or envi-
ronmental factors predispose an individual to both MI and MII
errors, and therefore the MI and MII error rates are correlated.
A possible explanation for the latter is the decrease in sister
chromatid cohesion that is associated with maternal age (32–36).
Studies in animal or cellular systems that can control the genetic
and environmental background or monitor the cellular envi-
ronment will help to disentangle and test these hypotheses.

MI-PSSC and RS Error Rates Are Indistinguishable in Our Dataset.
Recent reports indicate that RS is a prominent mechanism
contributing to aneuploidy in human eggs (6, 37, 38). However,
our data do not possess the resolution to effectively disentangle
this mechanism from MI-PSSC errors. Specifically, the PGT-A
data we used were not based on polar-body biopsies, making the
outcomes of RS indistinguishable from the outcomes produced
by other errors. In contrast, MI-PSSC and MI-NDJ are crucial to
generate embryos with errors involving two chromosomes. We
also know that MI-PSSC is more prevalent than MI-NDJ, which
helps to further differentiate the two mechanisms. With this in
mind, we investigated the impact of RS on model estimates and
present the results in SI Appendix, Fig. S4. Importantly, we
learned that the degree to which meiotic drive may be acting
upon RS (18) significantly affects the inferred ratios of MI-PSSC
and RS (SI Appendix, Fig. S4). Thus, more data with polar body
information across maternal ages are necessary to evaluate the
MI-PSSC/RS relationship. Although MI-PSSC prevalence de-
creased when RS was included, the other errors remained largely
unaffected (compare Fig. 2 C and D with SI Appendix, Fig. S4).
Thus, we emphasize that any discussion of MI-PSSC in the
current Model 2 should be interpreted as a combination of MI-
PSSC/RS. The two errors could be further disentangled when
more data become available in the future.

Dynamics of Meiotic Errors. The PGT-A data were collected from
individuals ranging from 20 to 48 y old, which allowed us to use
our modeling framework to explore how female meiotic errors
change with age. Both MI and MII errors could suffer from age-
related effects (21, 39), and our modeling results further support
this age-related association. As anticipated, our results suggest
that MI-PSSC is strongly affected by maternal age (Fig. 2C and
SI Appendix, Table S2). Also, our results indicate that in a eu-
ploid egg, the probability of a chromosome to missegregate in
MII is low and is only mildly affected by maternal age. In con-
trast, in an aneuploid egg, probability of a chromosome to mis-
segregate in MII increases more drastically with maternal age
(Fig. 2D; see raw values in SI Appendix, Table S2). Without this
modeling framework, it would be challenging to disentangle this
dynamic nature of MII-NDJ errors and their association with MI
outcome and maternal age. As described later in Discussion,
despite our filtering, our data likely include some cases of mitotic
error. However, previous analysis of this dataset suggested that
mitotic errors are not associated with maternal age (10). Similarly,
trisomies with signatures of mitotic errors are not strongly asso-
ciated with maternal age, whereas trisomies comprising three
unmatched haplotypes—a signature of meiotic error—exhibit
strong associations with maternal age (40). We thus conclude that
the maternal-age associations that we observe very likely trace to
errors of meiotic origin.

Stochastic Simulation of Meiosis Outcomes. Using the inferred pa-
rameter values from a clinical dataset, we showed that the model
can be used to perform simulations of meiotic outcomes. The
simulation results have several potential applications. For ex-
ample, simulations can be used to generate a null distribution of
expected aneuploidy rates for a given patient, given her age and
number of embryos tested. This facilitates the selection of pa-
tients with extreme aneuploidy phenotypes for genetic studies.
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Fig. 3. Model simulations detect individuals with extreme aneuploidy rates
and can be used to calculate overall probability of euploid conception. (A)
The dots represent 1,292 patients who had a minimum of 4 embryos eval-
uated for chromosomal abnormalities on day 5. Red and black dots highlight
the patients with aneuploidy rates with probabilities less than 0.05, based on
10,000 model simulations of each patient, considering her age and the
number of tested embryos (186 unique combinations of age and number of
embryos in total). (B and C) Major error categories among normal individ-
uals (gray bars collapsed from gray dots in A; n = 1,220) and individuals with
extreme-high aneuploidy rates (red bars, collapsed from red dots in A; n =
48) (B) or the individuals with extreme-low aneuploidy rates (black bars
collapsed from black dots in A; n = 24) (C). (D) Mean probability of obtaining
a euploid embryo in a single IVF cycle, stratified by patient’s age and the
number of available eggs. Reported are raw P values from the proportion
test. ns, not significant; *P < 0.05; ***P < 1 × 10−8.
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Compared with selecting patients with extreme aneuploidy rates,
for instance, by directly taking upper and lower quantiles of the
aneuploidy rate distribution, our modeling approach allows us to
control for the uncertainty due to different number of embryos
tested in different patients. Moreover, the simulations can be
applied to determine the number of eggs necessary to signifi-
cantly increase chances of a euploid conception. The simulations
also allow us to investigate the contribution of each type of
segregation error to different meiosis outcomes. In line with
previous reports, we determined that MI errors are far more
common than MII errors (8, 9, 41). Our results indicated that
MI-PSSC (which also partially accounts for RS in our model) is
the most common cause of trisomy in preimplantation embryos
and that the relative contribution of each error changes with
maternal age. In patients younger than 41 y, MI-PSSC and MII-
normal account for most trisomies. In contrast, in patients
older than 41 y, a large proportion of single trisomies is derived
from MI-PSSC followed by an MII-NDJ error on a different
chromosome. This finding further supports the conclusion that
MII-NDJ errors might be more prominent than previously
appreciated (21).

Limitations of the Model. To keep the model simple and tractable,
we allowed for at most one chromosome error per cell division,
which eventually permits any embryo to carry at most two
chromosome errors. As a result, all embryos with complex an-
euploidies (affecting three or more chromosomes) were jointly
considered as a complex category (SI Appendix, Fig. S2A, green
bars). This limitation arises from the fact that our mathematical
model involves enumerating all possible outcomes of each error
mechanism (Fig. 1, depicting a total of 27 outcomes, 30 when we
consider RS). Thus, modeling complex aneuploidies as separate
events quickly becomes intractable. More importantly, the as-
sumption of independent chromosome missegregation is unlikely

to hold for these complex patterns, as certain mechanisms of
severe meiotic error (e.g., meiotic spindle instability and abnor-
mal kinetochore-microtubule attachments; ref. 42) impact mul-
tiple chromosomes simultaneously and likely violate the
assumption of independent chromosome missegregation. For
these reasons, we decided to treat complex karyotypes as a broad
category and describe it with a single parameter c (SI Appendix,
Fig. S2A, green bars).
Another assumption we made in the current model is that

each chromosome has an equal chance of being affected by a
particular error mechanism. We note that the dataset we used is
enriched with single aneuploidies involving chromosomes 15, 16,
21, and 22 (SI Appendix, Fig. S3A), which is in line with previous
reports (e.g., refs. 41 and 43). We thus also investigated how the
model behaves when we relax this assumption and allow for
chromosome-specific error rates. To maximize the counts for
parameter estimation task, we grouped chromosomes based on
either centromere position (SI Appendix, Fig. S5) or chromo-
some size (SI Appendix, Fig. S6). In the first analysis, we grouped
single aneuploidies for acrocentric (chromosome 13, 14, 15, 21,
22), metacentric (chromosome 1, 3, 16, 19, 20), submetacentric
(chromosome 2, 4 to 12, 17, 18), and sex chromosomes (chro-
mosome X and Y; SI Appendix, Fig. S5A) and expressed these
categories with chromosome type-specific parameters in the
model (SI Appendix, Fig. S5 B and C). As expected, estimated
chromosome-specific MI error rates roughly sum up to the MI-
NDJ and MI-PSSC rates we reported in the main text (compare
Fig. 2C with SI Appendix, Fig. S5 B and C), and the estimated
incidence of MII-NDJ within the euploid egg was even further
reduced (SI Appendix, Fig. S5D). However, even this simple
chromosome grouping approach more than doubled the number
of model parameters (11 parameters vs. 5 for Model 2). In the
latter scenario (SI Appendix, Fig. S6), we tabulated the results
when we grouped chromosomes based on their size (a model
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with 13 parameters). Short chromosomes (Group 5 in SI Ap-
pendix, Fig. S6) were the most frequently observed in aneuploid
states. This group of chromosomes was also most strongly af-
fected by maternal age, consistent with previous observations
(44). Nevertheless, because our current dataset is not large
enough to accurately infer age-specific individual chromosome
error rates, we believe the simpler Model 2 provides a better
confidence in capturing the dynamics of the major error mech-
anisms at the whole-genome level.
Lastly, some other possible sources of aneuploidies were not

considered in the current model. For instance, RS (18, 19)
produces eggs with karyotypic signatures resembling the ones
already captured with the model (Fig. 1 A–C), and the possible
meiotic drive associated with RS (18) will impact model esti-
mates (SI Appendix, Fig. S4). The only current estimates of RS-
associated meiotic drive are based on a limited number of pa-
tients (six patients; ref. 18). As more data on RS and for a wider
age span become available, our model can be adapted to further
disentangle the MI-PSSC and RS relationship. Similarly, mitotic
NDJ errors (45) or lagging chromosomes (46–48) were not
considered because both mechanisms can lead to mosaicism
(49–51). The mosaicism outcome is not specified in the data we
used and thus cannot be addressed by our model. While we
sought to eliminate putative mitotic errors from the input data
(e.g., by removing all aneuploidies affecting paternally trans-
mitted chromosomes), it is likely that a small fraction of mitotic
errors persists in our data and modestly inflate estimates of all
meiotic error parameters.

Applying the Model to Other Datasets. To further assess the validity
of the model, we sought to apply our model to other published
datasets. One requirement of our approach is the availability of
chromosome-resolution aneuploidy calls. Unfortunately, very
few published PGT-A studies provide such resolution for a large
number of individual embryos. To our knowledge, aside from the
Natera dataset, the only other study to meet these criteria is that
of ref. 15, albeit without parent-of-origin information. Applying
our model to these data, we obtained similar parameter esti-
mates for d, p, q, and q* (SI Appendix, Fig. S7, with values
provided in SI Appendix, Table S3), thus supporting the gener-
ality of our conclusions. We attribute the subtle differences in
these estimates to differences in patient populations, genomic
platforms, aneuploidy inference methods, and filtering criteria.
With the decreased cost of the next-generation sequencing
(NGS) technology, we expect that more datasets will become
available in the near future.

Concluding Remarks. In conclusion, despite the limitations of the
existing technologies to assess aneuploidy in the developing
embryo, we showed that model simulations can be used to infer
the contributions of various error mechanisms to the genesis of
human aneuploidies. Our modeling framework captured the
dynamics of meiotic errors and showed that different error
mechanisms are affected by age to different extents. One in-
triguing hypothesis emerging from our study is that MII-NDJ
errors occurring in aneuploid eggs are far more affected by
maternal age than MII-NDJ in their euploid counterparts. It is
possible that some compromised factors in cytoplasmic matura-
tion of the oocyte increase the possibility of a segregation error,
giving rise to the observed age-dependent increase in NDJ errors
in an aneuploid egg. In the future, this modeling framework can
be expanded to accommodate more details about the processes
leading to aneuploidy and be adapted to other processes, such as
mitotic errors or meiotic errors in spermatogenesis. With pa-
rameters learned from clinical data, simulations from our model
can also be used to predict IVF embryo aneuploidy rates and
potentially provide guidance on the expected number of IVF
cycles to obtain a euploid conception.

Materials and Methods
Data Source and Embryo Ploidy Determination.As input to our model, we used
published aneuploidy calls from in vitro-fertilized embryos (5- to 10-cell
trophectoderm biopsies collected from day-5 blastocysts) tested by Natera
(52). These sample-level data included the inferred copy number of each
chromosome, as well as the inferred parental origin of each homolog. The
inferences were obtained with the Parental Support algorithm, which contrasts
Bayesian probabilities of ploidy hypotheses for each embryonic chromosome,
given the observed parent and embryo genotype data (53, 54). This method has
been shown to achieve high sensitivity and specificity in a preclinical validation
study using cell lines of known ploidy (53). Broadly, the algorithm performs
pedigree-based phasing of parental chromosomes, then leverages genotypes at
informative parental markers (e.g., when one parent is heterozygous and the
other is homozygous) to infer transmission of specific parental homologs. Un-
like signal intensity-based approaches, such as array-comparative genomic hy-
bridization and low-coverage NGS, single-nucleotide polymorphism (SNP)
genotype-based methods such as Parental Support and Karyomapping (55)
are performed independently for each chromosome and are thus relatively
robust to complex events. This advantage is particularly pronounced for
karyotype-wide events such as haploidy, which is generally undetectable with
intensity-based approaches but easily detectable by SNP genotyping (53).

Data Parsing. Original karyotypes of the trophectoderm (day-5) cells are from
ref. 52 and were parsed with RStudio (Version 1.0.136) with modified orig-
inal codes (https://github.com/rmccoy7541/aneuploidy_analysis). Briefly, en-
tries with no-call for at least one chromosome, duplicate entries, and entries
for which maternal age was not registered were removed. Entries with in-
dications of errors affecting paternal chromosomes, and with segmental
aneuploidies, were also removed. Entries with normal and abnormal kar-
yotypes were then counted. Abnormal karyotypes were divided into two
single-error categories: single-chromosome trisomy, single-chromosome
monosomy; three double-error categories: double trisomy, double mono-
somy, trisomy for one chromosome, and monosomy for a second chromo-
some; and one complex category that accounts for all of the remaining
observed karyotypes (Table 2). As such, complex category involves all em-
bryos that had three or more aneuploid chromosomes (SI Appendix, Fig.
S3C). Refer to the discussion in Limitations of the Model for more details on
the rationale behind using the complex category.

Model Selection. Models with different qi, i = {1,2,3} combinations were
considered. Mathematica (56) and its built-in function NMinimize were used
to fit the models to the raw counts by searching a global minimum of the
objective function (Table 2, underlined entries). The function to optimize was
the residual sum of squares between the nine embryo categories and model
simulations, RSSnine. To ensure that probabilities remained in the range from
zero to one, following constraints on the search space were enforced:

0 ≤ d<p ≤ 1,

0 ≤ r ≤ 1,

0 ≤ c ≤ 1,

0 ≤ 1 − d − p − r − c ≤ 1,

0 ≤ 23q ≤ 1,

and in Model 2 or 3, also:

0 ≤ 23q* ≤ 1,

and

0 ≤ 23q# ≤ 1.

AIC. Model comparison and selection was done by adopting AIC. To avoid
overfitting, a corrected version of AIC was used (AICc) for the model
selection (57):

AICc = AIC + 2k2 + 2k
n − k − 1

.

Essentially, AICc corrects for the sample size n and the number of parameters
k used in the fitting process. The smallest AICc value was used to select the
best model given the data.
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χ2 Goodness-of-Fit Test. The χ2 statistics was used to measure the statistical
significance of the deviation of the estimated embryo categories from the
observations. Statistical difference between both counts was evaluated us-
ing the function chisq.test() in RStudio (Version 1.0.136).

Age-Dependent Inference of Model Parameters. Age-specific parameters were
estimated with Mathematica and its function FindMinimum. Raw day-5
data, grouped by maternal age, were used in the estimation process with
only the major four embryo categories considered (0, 1, 2, and more than 2
errors; SI Appendix, Fig. S2A). All parameters were set to 0 as initial condi-
tion for the FindMinimum algorithm. The RSSfour was then minimized for
each age category in separate runs. The constrains on the parameter search
space were as in Model Selection.

Adjustment of MII Rates. To be able to directly compare our estimates of MII
errors with reported incidence of MII errors in the literature, we adjusted the
MII rates by accounting for the MI outcome. As such, for MII-NDJ within a
euploid egg and expressed with q in the model, the adjusted rate becomes
qadj = 23q(1 − d − p − c). Similarly, for MII-NDJ within an aneuploid egg and

expressed with q*, the adjusted q* rate becomes q*adj = 0.5 · 45 ·q* · (d + p).

Model Simulation for Single-Oocyte Outcome. The oogenesis model was sim-
ulated as a stochastic process with the program Mathematica using its build-in
function RandomChoice, without considering RS. For instance, MI can follow
one of the four routes {“no error”, “NDJ”, “PSSC”, “complex”} with probabilities
corresponding to the estimated parameter values {1-d-p-c, d, p, c}, respectively.
The egg derived from the route “no error,” when fertilized, will complete MII,
giving rise to one of the following outcomes: {euploid, trisomic, monosomic}
zygote with probabilities {1 − 23q, 23q/2, 23q/2}, respectively. A similar pro-
cedure was applied for the oocyte affected by either “NDJ” or “PSSC.”

Single-Patient Simulation. Considering a single patient, the basic model
simulation was repeated N times, where N indicates the number of embryos
evaluated for that patient. Age-specific parameters estimates (SI Appendix,
Table S2) were used in the simulations. Aneuploidy rate of the simulated
patient was calculated as:

Number  of  simulated  oocytes  that  resulted  in  aneuploid  embryos
Total  number  of  simulated  oocytes

.

Extreme Sample Identification. The model was simulated 10,000 times to
generate empirical null distributions of aneuploidy rates, for each combination

of maternal age and number of embryos tested. Age-specific parameters used
for model simulations are listed in SI Appendix, Table S2. The empirical null
distributions were then used to define the upper and lower critical value for
each patient’s aneuploidy rate given her age and number of embryos tested.
As a cutoff, 5% of the right or left tail of the null distribution was used,
respectively. Individuals with aneuploidy rates equal to or above the upper
critical value were considered as having an extreme-high aneuploidy rate.
Analogously, individuals with aneuploidy rates equal to or below the lower
critical value were considered as having an extreme-low aneuploidy rate.

Derivation of Mean Probability of Euploid Conception for Patients with
Unknown Aneuploidy Rates. Considering an IVF cycle as n Bernoulli trials
with a probability p of k successes (i.e., having k euploid embryos) it follows:

P(X = k,n,p) = (n
k
)pk(1 − p)n−k ,

where n corresponds to the total number of eggs. Thus, the probability of
having at least one euploid embryo can be expressed with the formula:
P(at least one is euploid) = 1 − P(not a single one is euploid),
i.e., P(X ≥ 1) = 1 − (1 − p)n. We then use the estimated null distributions of
aneuploidy rates (described in Extreme Sample Identification) to derive the
mean probability of having at least one euploid embryo with the simple
formula:

P(X ≥ 1) = ∑n+1
i=1

ρi · (1 − (1 − p)n),

where ρi are probabilities of observing the possible aneuploidy rates 1 − p,
given there were n eggs obtained during a course of a single IVF cycle.

Data Availability. All codes and scripts associated with this study can be
accessed at https://gitlab.com/k.m.t/modeling_female_meiosis.
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