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Objective: To report and evaluate the performance and utility of an approach to predicting IVF–double embryo transfer (DET) multiple
birth risks that is evidence-based, clinic-speciﬁc, and considers each patient's clinical proﬁle.
Design: Retrospective prediction modeling.
Setting: An outpatient university-afﬁliated IVF clinic.
Patient(s): We used boosted tree methods to analyze 2,413 independent IVF-DET treatment cycles that resulted in live births. The IVF
cycles were retrieved from a database that comprised more than 33,000 IVF cycles.
Intervention(s): None.
Main Outcome Measure(s): The performance of this prediction model, MBP-BIVF, was validated by an independent data set, to
evaluate predictive power, discrimination, dynamic range, and reclassiﬁcation.
Result(s): Multiple birth probabilities ranging from 11.8% to 54.8% were predicted by the model and were signiﬁcantly different from
control predictions in more than half of the patients. The prediction model showed an improvement of 146% in predictive power and
16.0% in discrimination over control. The population standard error was 1.8%.
Conclusion(s): We showed that IVF patients have inherently different risks of multiple birth, even when DET is speciﬁed, and this risk
can be predicted before ET. The use of clinic-speciﬁc prediction models provides an evidence-based and personalized method to counsel
patients. (Fertil SterilÒ 2012;98:69–76. Ó2012 by American Society for Reproductive Medicine.)
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T

he greatest risk of advanced
reproductive technology today
is multiple gestation. The issue
of how many embryos to transfer
during an IVF treatment cycle is
a challenging one for patients and
their physicians. Historically, the
transfer of multiple embryos led to
a greater chance of pregnancy but

also an increased risk of multiple birth
and its associated costs, including
higher risks of neonatal and obstetric
complications. Elective single embryo
transfer (eSET) eliminates all risk of
multiple pregnancy except spontaneous identical twinning but may
compromise a patient's chance of
having a live birth altogether (1–4).
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Although guidelines in the United
States have succeeded in reducing the
incidence of high-order multiple
gestations (triplets or more), the incidence of twin gestations has remained
relatively unchanged (5, 6). Among the
more than 46,000 live births that
resulted from approximately 148,000
IVF cycles initiated in the United
States in 2008, 30% were twin
gestations, whereas less than 2%
were high-order multiples (6).
Under recommendations proposed
by the American Society of Reproductive Medicine, patients are placed into
categories deﬁned primarily by age
and embryo quality to determine
whether eSET should be strongly
recommended (7). Physicians are asked
to adapt these guidelines according
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to clinic-speciﬁc protocols (8, 9). However, how each clinic
should adapt them is unclear (10). One recent study reported
the implementation of mandatory SET for women younger
than 38 years without a prior IVF failure who produced at
least seven zygotes and one good-quality blastocyst (11). Although a laudable effort, its bar is set so high as to address
only a fraction of all patients being treated. Deviations from
guidelines are inevitable as healthcare providers consider an
individual patient's reproductive history and perception of
the risks of multiple birth (7, 12–15). Finally, despite reports
advocating eSET, especially by European groups, large-scale
standardization of criteria and implementation have been difﬁcult to achieve (16). Reasons include patients' skepticism in
accepting an option that may decrease the odds of pregnancy
and result in additional IVF treatment cycles, as well as conﬂicting reports on the success of eSET protocols to reduce
multiple birth rates or maintain live birth rates (10, 17–19).
There is a need to move beyond eSET and to develop an
evidence-based method to assess a patient's individual risk
of multiple birth, and support counseling and decision making (15).
Clinical decision making aimed speciﬁcally at reducing
the odds of multiple pregnancy without compromising the
chance of conception may be improved by validated prediction models that use patient-speciﬁc reproductive health
history, response to current treatment, and embryo developmental parameters. A number of predictive models have
been developed, but most have focused on assessing an individual's chance of achieving a pregnancy without addressing
the speciﬁc risk of a multiple birth (18–23). The utility of these
models is also limited by methodology, particularly the lack of
validation (24). Recent work by Banerjee et al. (25) showed
that data from a previous failed IVF treatment cycle could
be used to provide a valid and personalized probability of
live birth in a future cycle.
Here we address the issue of number of embryos to
transfer after IVF by establishing a model to predict a patient's
individual risk of multiple births. Although this risk is thought
to increase with the number of transferred embryos, the
magnitude of the inﬂuence of other clinical factors is unclear.
We hypothesize that patients have unique probabilities of
multiple birth and that these probabilities are inﬂuenced by
their reproductive health data and by characteristics of their
embryos.
Using a large, rigorously maintained data source and
strict eligibility criteria, we constructed a training dataset
drawn from a cohort of cycles in which at least one live birth
resulted after the transfer of two fresh, nondonor embryos.
We used this dataset to establish a model for multiple birth
prediction at our center (MBP-BIVF) to provide patient-,
treatment-, and clinic-speciﬁc risk of multiple birth. We
tested the performance of this model in an independent set
of eligible cycles by quantifying and comparing its performance against those of an age-based control model (24, 25).
By limiting analysis to cycles in which live births—single or
multiple—resulted after double embryo transfer (DET) in IVF
treatments, we showed that patients have very different
risks of multiple births even when only two embryos are
transferred. Further, we established an approach that may
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be applied to improve clinical counseling, with an aim to
decrease the incidence of multiple births after IVF.

MATERIALS AND METHODS
Patients, IVF Treatments, and Clinical Outcomes
The retrospective cohort included 33,741 IVF treatment cycles
performed at Boston IVF, an academically afﬁliated large
private practice located in Waltham, Massachusetts, from
January 1, 2000 to December 31, 2009. Cycles were included
if they used transfer of fresh embryos and the patients' own
eggs. Patients underwent ovarian stimulation protocols according to physician preference, as described previously
(26). Embryos were cultured using standard methods.
Ultrasound-guided ET was performed at 3–5 days after oocyte
retrieval according to clinic protocol, which for most of the
10-year period preferred day-3 transfer. The number of
embryos transferred was based on national and clinic guidelines, as well as individual patient needs. Multiple gestations
were conﬁrmed by the presence of more than one fetal heartbeat on ultrasound. Patients were followed for at least 1 year
from the start of their IVF cycles to conﬁrm pregnancy
outcome.

Data Collection and Exclusion Criteria
Baseline demographic, clinical, and laboratory data were
collected according to standard clinic practices, as described previously (27). Medical record review was used
to conﬁrm pregnancy outcome. Retrospective data collection, aggregation, deidentiﬁcation, and analysis for this research project were approved by the Committee on Clinical
Investigations at Beth Israel Deaconess Medical Center,
Boston, Massachusetts.
We excluded all treatment cycles performed for a patient
if any one of her cycles met the following initial exclusion
criteria: the ﬁrst IVF treatment cycle at this clinic did not
fall within the study period, the IVF cycles were performed after a patient already had a live birth resulting from IVF, the
IVF cycle was cancelled before oocyte retrieval, clinical outcome was not known, or the patient's age was 43.0 years or
greater at her ﬁrst cycle. Subsequently, we excluded IVF treatment cycles that met the second set of exclusion criteria: the
cycle resulted in no live birth, occurred after three fresh cycles, or the number of transferred embryo(s) did not equal two.

Variables
Of the 43 variables analyzed, 9 were baseline clinical factors,
13 pertained to IVF treatment cycle response, protocol, or
sperm parameters, and 21 were variables that described
oocytes, fertilization, embryo development, transferred
embryos, or manipulation such as intracytoplasmic sperm injection, assisted hatching, and ET day.

Statistical Analysis
Eligible cycles were assigned to a training set if the start date
was between 2000 and 2007, or to the test set if they were
initiated between 2008 and 2009. Brieﬂy, we computed the
VOL. 98 NO. 1 / JULY 2012
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log-likelihood based on the Bernoulli distribution and applied
generalized boosted models (GBM), a free software implementation of a stochastic gradient-boosting algorithm, to build
a boosted tree model (MBP-BIVF) using a maximum of
70,000 trees and a 10-fold cross-validation (28). The MBPBIVF model was compared with an age-based control model
(Age-BIVF) that was generated by applying GBM to patient's
age alone, according to age categories (<35, 35–37, 38–40,
41–42, and R43 years) that are used by the Society for
Assisted Reproductive Technologies and Centers for Disease
Control and Prevention (6).
Models were generated using the training set and
validated using the test set. All the results reported are
validated test results, not merely a description of the training
set. We used treatment cycles with successful live births, to
determine the posterior probability of having multiple births
conditioned upon having live birth(s) and the collective
phenotype proﬁle of the patient, sperm count of her male
partner or donor sperm, and her embryos. Predictive power
is described as the improvement in the log-likelihood of predicting the probability of multiple births with MBP-BIVF relative to Age-BIVF prediction, in the context of Baseline-BIVF.
Log-likelihoods were computed using GBM. Baseline-BIVF
refers to the performance of a prediction model if no predictors were used—the overall multiple birth rate of those 2,413
treatments.

% Improvement ¼

Additional cases were excluded from the analysis according
to the second set of exclusion criteria—no live births (n ¼
11,611), number of transferred embryos were one or more
than two (n ¼ 2,132), or the patient already had three unsuccessful treatments (n ¼ 70). After all exclusion criteria were
applied, a total of 2,413 cycles were eligible for the development and validation of MBP-BIVF.
Of these 2,413 cycles, 1,789 cycles from 2000 to 2007 (8
years) were assigned to the training set and 624 cycles from
2008 to 2009 (2 years) to the test set (Fig. 1). Some variables
had signiﬁcantly different mean values in the training and
the test sets, which demonstrated the independent nature of
the training and test sets (Table 1).
The prediction model assigned relative importance to each
prognostic factor, with the total relative importance set arbitrarily at 100. The top 10 prognostic factors accounted for approximately 70% of the total relative importance (Fig. 2).
Variables with an individual inﬂuence of <2.5% were placed
under ‘‘Others,’’ which included the following variables in order of decreasing relative importance: percentage of oocytes
with normal maturation, total motile sperm before wash, total
amount of gonadotropins used, average grade of transferred
embryos, percentage of ‘‘high implantation potential’’ (HIP)
embryos that were cryopreserved, serum day 3 FSH level,
percentage of transferred embryos at the eight-cell stage, percentage of eight-cell embryos, number of oocytes, percentage


ðLog-likelihoodMBP-BIVF  Log-likelihoodBaseline Þ  Log-likelihoodAge-BIVF  Log-likelihoodBaseline

 100%
Log-likelihoodAge-BIVF  Log-likelihoodBaseline

We calculated the standard error for predicted multiple
birth probabilities for the entire population comprising the
test set for the MBP-BIVF and Age-BIVF models. In addition,
we calculated the standard error of the mean multiple birth
probability for each age group for Age-BIVF, as well as the
bootstrap estimation of standard error for each of ﬁve groups
representing quintiles of predicted probabilities of multiple
birth for MBP-BIVF. Receiver operating characteristic analysis
was used to test the ability of MBP-BIVF to discriminate patients with different probabilities of multiple births. Dynamic
range describes the probabilities of live birth that can be predicted using MBP-BIVF, compared with Age-BIVF.

RESULTS
Training and Test Sets
Of 33,741 IVF treatment cycles performed during the 10-year
period, 25,595 cycles used fresh IVF and patients' own eggs
and involved 11,720 unique patients. For reference, 5,940
of those 25,595 fresh, nondonor eggs, IVF treatments resulted
in live births, of which 1,682 were multiple births. Thus, the
overall live and multiple birth rates were 22.8% and 28.3%,
respectively.
Of those 25,595 treatment cycles, a total of 16,226 cycles
were included according to the ﬁrst set of exclusion criteria.
VOL. 98 NO. 1 / JULY 2012

of oocytes that fertilized normally (e.g., precisely two pronuclei were observed), number of eight-cell embryos, number of
embryos, number of transferred embryos with four or fewer
cells each, gravidity, number of days of gonadotropin stimulation, number of transferred embryos that were HIP, number
of cryopreserved embryos, history of ectopic pregnancy, history of pregnancy loss %20 weeks, parity, month, season,
number of transferred embryos that had eight cells, donor
sperm, number of embryos with eight or more cells each,
use of intracytoplasmic sperm injection, cycle number (e.g.,
whether it is the patient's ﬁrst, second, or third IVF treatment
at this clinic), year, use of assisted hatching, male factor as
a cause of infertility, method of sperm collection, number of
transferred embryos that had eight or more cells each, and
day of ET. (HIP refers to the center's internal designation of
embryos that are grade 3, have more than six cells each,
and have normal rates of division.) Interestingly, two variables—‘‘number of transferred embryos with more than eight
cells each’’ and day of ET—each had a relative importance of
zero after all other variables have been accounted for.

Predictive Power
The log-likelihoods were computed to be 381.86 for
Baseline-BIVF, 376.60 for Age-BIVF, and 368.69 for
71
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FIGURE 1
All Cycles 2000-2009
33,741
Other Treatment Types
3,803
Autologous Oocytes
29,938
Thaw Cycles
4,343
Fresh, Autologous Cycles
25,595
Exclusion Criteria Set 1
9,369
No previous IVF births, noncancelled cycles, and were < 43 yo
16,226
Exclusion Criteria Set 2
13,813
Had live births after transfer of
exactly 2 embryos in C1, C2, or C3
2,413

Training Set (2000-2007)
1,789

Validation Set (2008-2009)
624

Source of clinical data used in training and test sets. We show the source of IVF cycles that were available for training and validating the MBP-BIVF
model after two rounds of exclusion.
Lannon. Personalized risk of multiple birth. Fertil Steril 2012.

MBP-BIVF. MBP-BIVF showed a 146% improvement over
Age-BIVF in its ability to predict the probability of multiple
births. The prediction error for the population is 1.8% for
both MBP-BIVF and Age-BIVF.

Discrimination
Receiver operating characteristic analysis revealed the area
under the curve for MBP-BIVF and Age-BIVF to be 0.632
and 0.544, respectively. Thus, the ability of MBP-BIVF to

TABLE 1
Variables that are signiﬁcantly different in the training (2000–2007) and test (2008–2009) data sets.
2000–2007 training
set (n [ 1,789)
Variable
Year
Serum peak E2 (IU/L)
No. of sperm motile after wash (106/mL)
Rate of embryo cryopreservation
No. embryos R8 cells
No. cryopreserved embryos
No. transferred embryos R8 cells
Cycle length (d)
Total amount of gonadotropin (IU/mL)
No. of sperm motile before wash (106/mL)
No. 8-cell embryos
Donor sperm
Mean no. cells per embryo
No. transferred embryos R8 cells
No. oocytes
Age
Gravida
Para
Male factor
Transferred embryos at the 8-cell stage (%)
a

2008–2009 external
validation set (n [ 624)

Meana

SD

Mean

SD

P value

2003.80
1,800.60
12.56
0.21
1.31
2.04
1.23
12.45
2,195.75
33.32
1.09
0.04
7.02
1.03
11.85
33.00
0.79
0.27
0.28
57.41

2.14
1,042.22
11.45
0.24
0.95
2.71
0.83
2.28
1,126.65
29.11
0.89
0.19
1.34
0.82
6.43
3.54
1.14
0.58
0.45
39.07

2008.52
2,353.78
16.34
0.15
1.05
1.48
1.02
12.97
2,438.71
28.06
0.95
0.07
6.79
0.92
12.71
32.55
0.67
0.21
0.33
62.10

0.50
1,287.26
12.25
0.19
0.95
2.19
0.90
2.29
1,401.84
29.05
0.91
0.26
1.57
0.87
6.97
3.70
1.07
0.51
0.47
39.26

0
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.01
.01
.02
.02
.04
.04
.04
.05

For continuous variables, the mean indicates the mean value of each variable. For categorical variables, the mean indicates the average number of positive occurrences.

Lannon. Personalized risk of multiple birth. Fertil Steril 2012.
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FIGURE 2

Prognostic factors and their relative inﬂuence on multiple birth risk in the MBP-BIVF model. Of 43 variables analyzed, the top 10 nonredundant
variables and their ‘‘relative inﬂuence’’ are shown.
Lannon. Personalized risk of multiple birth. Fertil Steril 2012.

discriminate patients with differential probabilities of multiple births improved by 16.0%, compared with Age-BIVF
(data not shown). Practically, the ability to discriminate can
be expressed in terms of percentile ranking of patients based
on their risk of multiple births. For example, multiple birth
risks of >40% and >35% corresponded to the top 6.6 and
19.2 percentiles in the population that was analyzed.

Dynamic Range and Reclassiﬁcation
Compared with Age-BIVF, which can only provide one of four
probabilities of live birth (<35 years, 33.3%; 35–37 years,
27.6%; 38–40 years, 11.6%; 41–42 years, 11.1%), MBPBIVF showed a signiﬁcantly improved dynamic range of multiple live birth probabilities that can be predicted, ranging
from 11.8% to 54.8% (Fig. 3). Overall, approximately 55%
of patients had predicted probabilities that were signiﬁcantly
different from those predicted by the Age-BIVF control model
(P< .05).

DISCUSSION
The major ﬁndings of this study are that patients, even when
stratiﬁed by age, have inherently different risks of multiple
birth, and these risks can be predicted. Knowing which
patients are at risk of twin pregnancy before placing embryos
should improve patient counseling substantially regarding
the number of embryos to transfer. Previous reports of the
risk of multiple births typically focused on the risk merely
VOL. 98 NO. 1 / JULY 2012

as a function of patient age and the number of transferred
embryos (9, 10, 13). That understanding contributed to the
drastic decrease in the rate of high-order multiple births but
was not sufﬁcient to establish criteria for eSET to reduce the
rate of twin births. Here we show that even when only two
embryos were transferred, patients' risks of twins ranged
from 12% to 55%. The precise risk and error estimate for a particular patient can be computed by using readily available
clinical data pertaining to the patients, their male partners,
and their embryos. By restricting our analysis to cycles in
which only two embryos were transferred, we have removed
the potential paradoxical increase in multiple birth risk in
patients who may be receiving more than two embryos on
the basis of their poor prognosis.
We were able to generate these ﬁndings because of the
unique strengths of our research design and methods and
our large data set. Most prediction models previously proposed in reproductive medicine have primarily suffered
from failed external validation (24). Logistic regression, as
conventionally applied to generate previously published
prediction models, may not readily extract uniquely predictive components from variables pertaining to the female
patient, her male partner, and their embryos (24). Further,
the conventional method of selecting a few prognostic factors
a priori may also limit the power of the prediction model.
Among many advantages of the boosted tree, it allowed us
to eliminate the need to limit analysis to a few variables
a priori, and it maximizes information that is contributed
73
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FIGURE 3

Patient-speciﬁc predictions and reclassiﬁcation. This ﬁgure is a visual summary of the results pertaining to dynamic range (i.e., multiple birth
probabilities that were predicted by MBP-BIVF and the control, Age-BIVF); reclassiﬁcation, an important criteria in determining utility (i.e., the
portion of cases with MBP-BIVF–predicted multiple birth probabilities that fall outside of the 95% conﬁdence interval (CI) of Age-BIVF–
predicted multiple birth probabilities; and prediction results from which a clinic-speciﬁc percentile ranking corresponding to each stratiﬁcation
of multiple birth risks can be developed (see Discussion). The multiple birth probability predicted by MBP-BIVF for each of 1,789 patients in the
training set (A) and 624 patients from test set (B) was plotted against age, which is conventionally the primary predictor and also the predictor
used by the control model. Further, if the observed outcome was multiple birth, the cycle was represented by ‘‘O,’’ and if the observed
outcome was singleton birth (e.g., not multiple birth), then the cycle was represented by ‘‘X.’’ The bold lines indicate probabilities of multiple
birth predicted by the Age-BIVF control model, with their CIs indicated by dotted lines above and below the bold line. For example, the AgeBIVF model predicted multiple birth probabilities of 33.3% (95% CI 31.0%-35.6%) for patients with age <35 years; 27.6% (95% CI 23.7%31.5%) for age 35–37 years; 11.6% (95% CI 7.2%-16%) for age 38–40 years; and 11.1% (95% CI 0-32.5%) for age 41–42 years. Note that
MBP-BIVF provides a wide range of predicted probabilities speciﬁc to the patients' clinical parameters, which contrasts with the four discrete
probabilities provided by Age-BIVF. The estimated standard errors of the mean multiple birth probabilities for patients grouped by quintiles
ranged from 4.0% to 8.4%, whereas the standard errors for the age groups in Age-BIVF ranged from 2.3% to 21.4%.
Lannon. Personalized risk of multiple birth. Fertil Steril 2012.

by each variable, thus it allows us to extract good prediction
from our dataset (28–31).
Additional strengths of our research design include
a highly stringent set of exclusion criteria to ensure that
each patient is uniquely represented, as well as the allocation of data into mutually exclusive training and test sets.
Our use of a phenotype-rich data source, an extensive and
rigorously maintained database comprising more than
33,000 IVF treatment cycles over a span of 10 years,
made it possible to apply stringent criteria and implement
training and testing sets that comprise unrelated treatment
cycles and patients.
We did not know whether treatment protocols, embryo
culture techniques, and patient populations vary sufﬁciently
among clinics to enable validation of a prediction model in
multiple clinics from a single dataset. Hence, we took an
unconventional approach of generating a clinic-speciﬁc
prediction model using data from 2000–2007, and tested
whether it could predict outcomes from that clinic's 2008–
2009 data set.
This research study accomplished three goals. First, it provided a prediction model that is validated for patients attending this clinic. Although there was a multitude of variables
that were not analyzed (e.g., socioeconomic factors, zip
code), and it is certainly possible that their inclusion might
have improved the model's performance, their absence did
not compromise our objective to develop an approach to
building multiple birth prediction models that perform well
and are practical and easily applied to other clinics. Second,
the use of the most recently available data in the test set
74

makes this model relevant for current patients. Third, we demonstrate that our model is clinically meaningful at two
levels—the patient as an individual and the clinic. It is clinically meaningful at the patient-level because the prediction
model allows us, for example, to input data from two patients
of the same age on the day of ET and know that by transferring two embryos, one of them has a 55% chance of a twin
pregnancy and the other has only a 12% chance. Each
patient's predicted probability of multiple birth is further
considered in terms of multiple birth risk as a percentile of
the clinic's population. For example, the patient with 55%
chance of a twin pregnancy falls within the top 5 percentile,
whereas the patient with 12% chance belongs to the lowest
4 percentile. This knowledge before embryo placement could
have an enormous impact on the utilization of eSET.
At the clinic level, the ability to objectively correlate
a patient's multiple birth probability with her risk as a percentile among the clinic's entire population allows physicians to
consider eSET utilization criteria without compromising each
physician's personal style of care giving.
There are many ways to use the patient- and clinic-level
information. For example, one way is to establish a risk percentile to serve as a guide or threshold above which eSET
would be very strongly urged. Then after a period of time, outcomes would be analyzed and the clinic could reassess
whether the criteria should be revised. Therefore, the ﬁrst
round of prediction modeling results as presented here should
not be considered the end goal. Rather, it establishes the beginning of an advanced, evidence-based process of clinical
protocol implementation that is informed by personalized
VOL. 98 NO. 1 / JULY 2012
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prognosis. This approach establishes the critical connection
between personalized medicine and an institution's quality
assurance objectives, thus rendering debates about the merits
of personalized vs. protocol-based care obsolete.
Until further research reveals whether outcomes prediction models in reproductive medicine can be generalized while
remaining sufﬁciently discriminative to be clinically meaningful, the applicability of this model and the relative importance of its prognostic factors are limited to our center and
patient population. The relative importance of individual
prognostic factors in our model should be taken only as a set
of mathematical relationships that pertain to this clinic and
not over-interpreted as having causal roles in success. New hypotheses nonetheless could be generated and further tested in
appropriate clinical trials or animal models in the laboratory.
In contrast to the clinic-speciﬁc applicability of this
prediction model, the overall approach to developing and validating clinic-speciﬁc prediction models has now been
performed in two unique clinical settings. Speciﬁcally, the
center used in this analysis is in a state with mandated infertility insurance coverage, whereas Banerjee et al. (25) reported
a prediction model that is based on clinical data from a state
that does not have mandated coverage. The Banerjee model
predicted the probability of live birth for women who had
previously failed at least one IVF treatment, and an earlier
prediction model reported by Jun et al. (32) predicted the
probability of pregnancy for a current IVF treatment. In
contrast, we report a prediction model that computes the
probability of multiple births for women who had a live birth
after IVF. The validation of the clinic-speciﬁc approach and
use of boosted tree in these widely different clinical scenarios
and healthcare environments suggests that these methods
may be applied to other clinics to establish an evidencebased, clinic-speciﬁc, and personalized approach toward
reducing the rate of multiple births after IVF.
Selecting the appropriate number of embryos to transfer
in an IVF cycle is an important decision requiring clear understanding of the risks of multiple pregnancy. We show that age
alone is limited in guiding counseling and decision making.
Our prediction model computes the risk of multiple birth
with higher predictive power than age alone and clearly
identiﬁes patients with different risks before placing their
embryos. By using our own data and extracting a maximal
amount of predictive information from many clinical
variables in a validated model, we are able to provide
patient-speciﬁc estimates of risks of multiple births. Our approach represents a powerful way to comply with national
guidelines calling for clinics to derive clinic-speciﬁc protocols
to improve counseling of patients on their risks of multiple
births and reduce the rate of multiple births.
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