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Antim€ullerian hormone levels and
antral follicle count as prognostic
indicators in a personalized
prediction model of live birth
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Objective: To compare antim€ullerian hormone (AMH) and antral follicle count (AFC) separately and in combination with clinical char-
acteristics for the prediction of live birth after controlled ovarian stimulation.
Design: Retrospective development and temporal external validation of prediction model.
Setting: Outpatient IVF clinic.
Patient(s): We applied the boosted tree method to develop three prediction models incorporating clinical characteristics plus AMH or
AFC or the combination on 2,124 linked IVF cycles from 2006 to 2010 and temporally externally validated predicted live-birth
probabilities with an independent data set comprising 1,121 cycles from 2011 to 2012.
Intervention(s): None.
Main Outcome Measure(s): Predictive power (posterior log of odds ratio compared to age, or PLORA), reclassification, receiver oper-
ator characteristic analysis, calibration, dynamic range.
Result(s): Predictive power, was highest for the AMH model (PLORA ¼ 29.1), followed by the AMH-AFC model (PLORA ¼ 28.3) and
AFC model (PLORA ¼ 22.5). The prediction errors were 1% to<5% in each prognostic tier for all three models, except for the predicted
live-birth probabilities of<10% in the AFCmodel, where the prediction error was 8%. The improvement in predictive power was highest
for the AMH model: 76.2% improvement over age alone relative to 59% improvement for AFC and 73.3% for the combined model.
Receiver operating characteristic analysis demonstrated that the AMH and the combined model had comparable discrimination
(area under the curve ¼ 0.716) and similar prediction error for high and low strata of live-birth prediction, with an improvement of
6.3% over age alone.
Use your smartphone
Conclusion(s): The validated prediction model confirmed that AMH when combined with clin-
ical characteristics can accurately identify the likelihood of live birth with a low prediction error.
AFC provided no added predictive value beyond AMH. (Fertil Steril� 2015;-:-–-.�2015 by
American Society for Reproductive Medicine.)
Key Words: Antim€ullerian hormone, antral follicle count, live birth, prediction model

Discuss: You can discuss this article with its authors and with other ASRM members at http://
fertstertforum.com/nelsons-amh-afc-personalized-prediction/
to scan this QR code
and connect to the
discussion forum for
this article now.*

* Download a free QR code scanner by searching for “QR
scanner” in your smartphone’s app store or app marketplace.
P rognostic models for the predic-
tion of live birth after assisted
conception have been developed,

externally validated, and implemented
for both patients and health care
Received March 20, 2015; revised April 16, 2015; acc
S.M.N. has nothing to disclose. R.F. has nothing to

nothing to disclose. K.S.-D. has nothing to discl
Reprint requests: Dr. Scott M. Nelson, M.R.C.O.G.

University of Glasgow, 3rd Floor, University Bloc
G31 2ER, United Kingdom (E-mail: scott.nelson

Fertility and Sterility® Vol. -, No. -, - 2015 0015-
Copyright ©2015 American Society for Reproductive
http://dx.doi.org/10.1016/j.fertnstert.2015.04.032

VOL. - NO. - / - 2015
providers to facilitate decision making
(1–6). The provision of accurate and
personalized prognostication regarding
the prospect of a live birth after assisted
conception has enabled patients and
epted April 20, 2015.
disclose. M.G. has nothing to disclose. B.C. has
ose. M.Y. has nothing to disclose.
, Ph.D., Reproductive and Maternal Medicine,
k, 10 Alexandra Parade Royal Infirmary, Glasgow
@glasgow.ac.uk).

0282/$36.00
Medicine, Published by Elsevier Inc.
funders to make informed decisions
regarding treatment cost-effectiveness
(7, 8).

Using population-level registry
data, several groups including our
own have developed and validated
live-birth prediction models (1, 9).
These models were inevitably lacking
in detail regarding clinical phenotype
owing to the nature of the data source.
Furthermore, although effective for a
population and useful for state
funders, they may be limited in
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transportability to individual clinics where success rates and
patient characteristics may vary widely between providers.
To overcome this we have developed and validated models
based on deep phenotyping of the couple characteristics
using individual clinic data (2, 5). Collectively, this work has
demonstrated that clinical variables when incorporated in
validated models can provide valuable information
regarding the personalized probability of live birth.

Ovarian response to controlled stimulation is known to
have an impact on the likelihood of success, especially
when addressing cumulative live birth, which encompasses
the initial fresh and subsequent frozen ETs. Antral follicle
count (AFC) and antim€ullerian hormone (AMH) are now
recognized as the biomarkers of choice for the prediction of
ovarian response (10), with both being associated with live
birth independent of age (5, 11–14). To date we have been
able to assess the utility of AFC only, in clinic-specific predic-
tion models, and demonstrated that its inclusion could
improve model performance. However, owing to limited
data, we were unable to assess its contribution relative to
AMH, which has recently been shown in several randomized
controlled trials to be a more accurate single biomarker of
ovarian response (15, 16). Furthermore, whether inclusion
of both AMH and AFC can further enhance model
performance is not known, particularly as clinicians
frequently observe relative discordance between these two
biomarkers.

In the current study we test the performance and utility of
prediction models that combine readily available clinical var-
iables with the use of AMH as the sole ovarian reserve marker
(hereafter, the AMHmodel) or AFC as the sole ovarian reserve
marker (hereafter, the AFC model), and the combination of
both AMH and AFC (hereafter, the AMH-AFC model) accord-
ing to established parameters for evaluating prognostic tests.
FIGURE 1

The allocation of IVF cycles from a retrospective cohort to comprise
the training and test sets for the generation and validation of
prediction models, respectively.
Nelson. AMH and AFC for personalized prediction. Fertil Steril 2015.
MATERIALS AND METHODS
Patients, IVF Treatments, and Definition of Live
Birth

The retrospective cohort comprised 3,977 fresh IVF cycles
performed at Glasgow Centre for Reproductive Medicine
(GCRM), Glasgow, Scotland, from November 12, 2006, to
December 31, 2012. Here an IVF cycle meeting inclusion
criteria is defined as a fresh IVF treatment in which oocyte
retrieval was performed. The outcome of an IVF cycle was
defined as ‘‘live birth’’ if [1] the fresh ET directly resulted in
a live birth; or [2] the fresh ET did not result in a live birth,
but the transfer of cryopreserved-thawed embryos that were
produced by that fresh IVF cycle resulted in a live birth. Link-
ing the outcomes of fresh and cryopreserved ETs this way pro-
vided information on the total reproductive potential of the
embryos produced by a fresh cycle (2, 5, 17).

Patients underwent ovarian stimulation protocols
according to a combination of a physician's recommendation
and clinical protocol as described elsewhere (18, 19). The aim
of this program was to achieve maximum egg yields in
women with modest ovarian reserve (determined by AMH
[18]) and to reduce the potential egg yield in women with
high ovarian reserve and risk of ovarian hyperstimulation.
2

Embryos were cultured according to the clinic's standard
protocols. Ultrasound-guided ET was performed 3–5 days
after oocyte retrieval according to clinic protocol. The number
of embryos transferred was based on national and clinic
guidelines as well as individual patient needs (20). Patients
were followed for at least 1 year from the start of their IVF
cycles to confirm IVF and pregnancy outcomes. Reporting
of all IVF cycles started and their clinical outcomes is a stat-
utory requirement in the United Kingdom under the terms of
the Human Fertilisation and Embryology Authority license.
Data Collection, Exclusion Criteria, and Variables

Baseline demographic, clinical, and laboratory data were
collected according to standard clinic practices as described
elsewhere (18, 19). Medical record review was used to
confirm pregnancy outcome. GCRM obtained Institutional
Review Board (IRB) approval to collect retrospective data
and conduct retrospective IVF prediction modeling research
in collaboration with Univfy researchers; Univfy obtained
approval from an independent IRB to conduct research
using retrospective analysis of IVF outcome data.

Figure 1 depicts the cohort flow. Overall, 732 IVF cycles
were excluded from analysis: 324 cycles included IVF cycles
using donor egg, donor embryo, or gestational carrier; 20
cycles had ET day 1 or ET day 4 and were not representative
of usual clinical practice in our center; 14 cycles did not use
gonadotropins; five cycles had unknown outcomes; 187
cycles did not have embryos for transfer owing cancelled
oocyte retrieval (n ¼ 172) or their oocyte retrievals did not
yield oocytes (n ¼ 4), had zero fertilization rate (n ¼ 3), or
had no embryos surviving to day 3 (n ¼ 8); 22 cycles had
all embryos frozen; 70 cycles were egg-freezing cycles; 90
cycles were excluded for age >45.

We analyzed the following variables: [1] patient demo-
graphics comprising age at the time of IVF treatment and
body mass index; [2] reproductive history comprising the
number of prior IVF cycles and their clinical outcomes;
VOL. - NO. - / - 2015
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[3] ovarian reserve markers comprising AMH and AFC; [4]
clinical diagnoses comprising endometriosis, polycystic
ovarian syndrome or disease (PCOS), tubal disease, unex-
plained infertility, and male factor.
Statistical Analysis

We built the AMHmodel and AFC model using only variables
that were known before starting an IVF treatment (Table 1).
Each model was developed with the training set, and its per-
formance was tested against the validation set. The training
set comprised 2,124 IVF cycles performed during the period
November 12, 2006, to December 31, 2012, and which per-
tained to patients whose first IVF cycles occurred from
November 12, 2006, to December 31, 2010. The independent
validation set comprised 1,121 IVF cycles performed during
the period January 1, 2011, to December 31, 2012, and which
pertained to patients whose first IVF cycles also occurred dur-
ing the same period. The training and validation sets were
mutually exclusive and did not use the same IVF cycles or
IVF cycles from the same patients.

AMH and AFC measurements were undertaken simulta-
neously on any day of the menstrual cycle (10). AFC measure-
ments were performed in line with recent recommendations
(21) and were carried out by six nurses with identical training,
validation, and ongoing quality control (10). All AMH mea-
surements were performed in a single laboratory with exten-
sive experience in AMH measurement (22–24). Detailed
description of assays and calibration of assays for the
measurement of serum AMH levels have been previously
described with movement across the time period from the
DSL assay to the Gen II and then to the modified Gen II
assay (10, 22, 24, 25). Previously externally validated
TABLE 1

Descriptive statistics of clinical variables used by the training and test se

Variable

Training set (n [ 2,124)

Mean Median SD 5 percentile 95 pe

Age, y 36.8 37.4 4.3 29.0 4
BMI, kg/m2 24.4 23.4 4.3 19.2 3
AMH, pmol/L 6.2 4.4 6.0 0.7 1
AFC 12.6 11 8.1 4 2

Frequency (%)

Previous no. of IVF
cycles

0 42.0 – – –

1 24.6 – – –

2 14.6 – – –

R3 18.8 – – –

At least 1 previous
cycle with live
birth

6.2 – – –

Clinical diagnoses
Endometriosis 6.7 – – –

PCOS 4.5 – – –

Tubal disease 16.4 – – –

Unexplained 32.1 – – –

Only male factor 40.2 – – –

Nelson. AMH and AFC for personalized prediction. Fertil Steril 2015.
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conversion equations to normalize to the Gen II assay were
used to unify AMH values (26). For the purposes of these
analyses, we further standardized serum AMH levels for IVF
cycles in the test set against the mean and SD of serum
AMH levels in the training set to remove time as a variable.
Standardized AMH levels were used for all descriptive
statistics and analyses that were used to validate the
performance of prediction models wherever applicable.

The performance of each model was tested as described
elsewhere (2, 5, 17). Briefly, for each model, we computed the
log-likelihood based on the combination of two separate sets
of models. The first set of models were based on the Bernoulli
distribution and applied generalized boosted models (GBM), a
free software implementation of the stochastic gradient boost-
ing algorithm, to build a boosted tree model using a maximum
of 15,000 trees and tenfold cross-validation. We used GBM
version 2.1-0.1, from the R software package version 3.0.2
(27–29). Separate logistic regression models were made using
generalized linear models (GLM), which is also a free software
implementation available from the R software package (29).
Each observation was weighted such that the weights of all
cycles belonging to the same patient were equal and summed
to 1. Once each model was created, the probability predictions
from the GBM and GLM models were equally weighted into a
final model to produce predictions for each cycle in the
validation set. For each of the AMH, AFC, and AMH-AFC
models, the combination of GBM and GLM resulted in models
with superior performancewhen comparedwith corresponding
models using GBM alone or GLM alone. Therefore, the final
models reported here used a combination of GBM and GLM.

We tested models and variables in an iterative process by
[1] screeningmodels on the basis of cross-validation error using
10 times cross-validation, [2] testing the use of combinations
ts.

Test set (n [ 1,121)

rcentile Mean Median SD 5 percentile 95 percentile

3.3 37.2 37.9 4.3 29.5 43.2
2.7 24.3 23.5 4.2 19.2 32.7
7.8 6.2 4.5 5.9 0.1 18.5
8 14.4 13 8.3 5 30

Frequency (%)

– 55.0 – – – –

– 20.1 – – – –

– 12.4 – – – –

– 12.4 – – – –

– 0.7 – – – –

– 4.9 – – – –

– 5.1 – – – –

– 10.6 – – – –

– 39.4 – – – –

– 40.0 – – – –
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and permutations of variables in preliminary models, and
[3] removing predictors that had minimal relative contribution
or compromised prediction presumably by causing overfitting.

The top performing AMH, AFC, and AMH-AFC models
were compared with an age-based control model that was
generated from 3,245 cases by applying GBM to patient's
age alone based on conventional age categories (<35,
35–37, 38–40, 41–42, >42) that are used by the UK and US
national registries. The training set was used to generate a
model that used age as the sole variable (hereafter, Age
model), to allow the most stringent control for comparing
the AMH, AFC, and AMH-AFC models. All of the results
reported are validated test results of the AMH, AFC, and
AMH-AFC models, not merely a description of model perfor-
mance measured from the training set.

To determine whether a prediction model is clinically use-
ful, predictive power and the model's ability to rank patients
correctly according to prognosis (e.g., discrimination) must be
confirmed. As previously described, we used the posterior log
of odds ratio compared to age model (PLORA)—the difference
between the log-likelihood of the age control model and the
log-likelihood of the model, based on the validation set—to
measure the predictive power. PLORA is measured on a log
scale with log base e. Nonstatisticians may tend to prefer
using the linear scale of PLORA, which is ePLORA.

We determined the posterior probability of having a live
birth in an IVF cycle on the basis of the collective reproductive
health profile of the patient and her male partner or the
patient's profile alone if donor sperm is used. Predictive power
is described as the improvement in the log-likelihood of pre-
dicting the probability of having a live birth in an IVF cycle
with a model relative to the age control model. In other words,
baseline is the mean probability of having a live birth in the
first IVF cycle if not a single predictor, not even age, is
used. Log-likelihoods were computed with the use of GBM.
% Improvement ¼ ðLog-likelihoodModel � Log-likelihoodBaselineÞ �
�
Log-likelihoodAge � Log-likelihoodBaseline

�
�
Log-likelihoodAge � Log-likelihoodBaseline

� � 100%
To compare the clinical utility of the AMH, AFC, and
AMH-AFC models, the frequency distributions of their pre-
dicted live-birth probabilities were compared, and their ability
in ranking patients with significantly different prognostics
was determined by receiver operating characteristic (ROC)
analysis. Dynamic range describes the probabilities of live
birth that can be predicted using each of the AMH, AFC,
and AMH-AFC models compared with age control.

The predicted versus observed probabilities of live births of
test cases were evaluated in a tier-specific manner and ex-
pressed as prediction error, because clinical utility depends on
minimizing prediction error for patients in each prognostic
tier. Prognostic tiers were defined by seven groups with succes-
sive probabilities of live birth: <10.0%, 10.0%–19.9%,
20.0%–29.9%, 30.0%–39.9%, 40.0%–49.9%, 50.0%–59.9%,
4

and>60.0%.Sometimes, in predictivemodeling, increasedpre-
dictive power may be achieved at the expense of accuracy, by
increasing prediction error (prediction error ¼ 1 � accuracy),
which is a separate measure from predictive power. Prediction
error is determined for a subgroup of patients rather than spe-
cific individual patients. For each of the models, we divided
the test set into subgroups of patients according to their pre-
dicted probabilities (e.g., prognostic tiers) and measured the
prediction error for each subgroup.

RESULTS
Training and Test Sets for the AMH, AFC, and
AMH-AFC Models

Together, the training and test sets comprised 3,245 fresh IVF
cycles that used the patients' own eggs (Fig. 1). Separately, the
training set that was used to train the models showed a live-
birth rate of 31.9% (95% confidence interval [CI], 29.9%–

33.9%), and the test set that was used to test validation of
the models showed a live-birth rate of 32.7% (95% CI,
30.0%–35.6%). The mean values of each clinical variable
did not differ significantly between training and test sets
(Table 1).
Predictors

All three AMH, AFC, and AMH-AFC models used the
following predictors: the patient's age and body mass index
(BMI) at the time the treatment started, the number of previ-
ous IVF cycles, and the number of previous IVF cycles that re-
sulted in live births. In addition to these predictors, the AMH
model was trained using AMH data but not AFC or clinical di-
agnoses; the AFCmodel was trained with AFC data; the AMH-
AFC model was trained with both AMH and AFC, in addition
to clinical diagnoses. The percentages of missing data for
these variables overall in the training and test sets were
<2% for BMI and AMH, 24% for AFC, 19% for female clinical
diagnoses, and 8% for male factor. Clinical diagnoses as vari-
ables were tested in the AMH and AFC models, but their
contribution was minimal and they were therefore removed
from the final AMH and AFC models. Clinical diagnoses
contributed slightly positively to model performance when
both AMH and AFC were used and were therefore included
in the final AMH-AFC model.
Predictive Power and Prediction Error

The predictive power, as measured by PLORA, was highest for
the AMH model (PLORA ¼ 29.1), followed by the AMH-AFC
model (PLORA ¼ 28.3) and the AFC model (PLORA ¼ 22.5;
Table 2). The prediction errors were between 1% and <5%
VOL. - NO. - / - 2015



TABLE 2

Comparison of performance metrics—predictive power,
discrimination, and reclassification rates—among the AMH, AFC,
and AMH-AFC models.

Validation parameter
AMH
model

AFC
model

AMH-AFC
model

AUC of ROC analysis 0.716 0.706 0.716
Control AUC 0.674 0.674 0.674
AUC improvement, % 6.3 4.8 6.3
PLORA–log scale 29.1 22.5 28.3
PLORA improvement, % 76.2 59.0 73.3
Percent reclassified to have

higher live-birth probability, %
62 71 67

Percent reclassified to have lower
live-birth probability, %

14 8 12

Tier-specific prediction error, % %4 %8 %4
Note: Performance metrics of the AMH model, which uses clinical variables and AMH as the
sole ovarian reserve marker (AFC not used); the AFCmodel, which uses the same clinical vari-
ables as the AMHmodel except that AFC is the sole ovarian reserve marker (AMH not used);
and the AMH-AFC model, which uses the same clinical variables as the AMH and AFC
models, in addition to both AMH and AFC levels and clinical diagnoses. PLORA is the differ-
ence between the log-likelihood of the age control model and the log-likelihood of the each
model, based on the validation set. ROC analysis quantifies the ranking power of a model,
and its improvement over the Age model. Reclassification analysis shows the percentage
of patients who would have higher or lower predicted probabilities of live birth compared
with Age model predictions.

Nelson. AMH and AFC for personalized prediction. Fertil Steril 2015.
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in each prognostic tier for all three models, except for the pre-
dicted live-birth probabilities of <10% in the AFC model, in
which the prediction error was 8% (Table 3). The AMH and
AMH-AFC models placed 46% and 47% of patients at having
greater than 40% predicted probability of live birth per cycle,
respectively; and 1%–2% of patients at having a less than
10% probability of live birth per cycle at a prediction error
of �2%.
Measure of Utility (Usefulness) by Ranking,
Dynamic Range, Reclassification, and
Discrimination

The ROC analysis showed that the AMH and AMH-AFC
models have comparable discrimination, with an area under
the curve (AUC) of 0.716, which is an improvement of 6.3%
over that of age control (Table 2). The AFC model showed
TABLE 3

Percentage of patients and their probabilities of live birth predicted by
prediction error for each prognostic tier.

Predicted probability of live
birth (%)

AMH model

% Patients Prediction error (%) % P

>60.0 11 �1
50.0–59.9 18 3
40.0–49.9 17 �4
30.0–39.9 16 �2
20.0–29.9 17 �1
10.0–19.9 18 4
<10.0 2 2
Note: A negative prediction error indicates that the mean predicted probability is lower than the m

Nelson. AMH and AFC for personalized prediction. Fertil Steril 2015.
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an AUC of 0.706, an improvement of 4.8% over that of age
control.

Reclassification analysis showed that compared with the
age control, higher live-birth probabilities are predicted in
62% of patients by the AMH model and 67% of patients by
the AMH-AFC model. Fourteen percent of patients in the
AMH model and 12% of patients in the AMH-AFC model
have lower live-birth probabilities compared with those in
the Age model (Table 2).

Overall, the AMH model was slightly superior to the
AMH-AFC model in terms of predictive power, and both
models performed comparably by all other measures—
prognostic tier-specific prediction error, discrimination, and
reclassification rates—and were superior to the AFC model
(Table 2).

DISCUSSION
Prognostic models in assisted conception have been devel-
oped to facilitate decision making and inform patients,
health care providers, and funders (1–6). Classically,
results have been reported nationally and at an individual
clinic level in an age-stratified manner. Although age is an
important prognostic indicator, it is now recognized that
additional clinical characteristics can inform patient prog-
nosis. Ovarian response and in particular oocyte yield are
known to be associated with live birth independent of age,
however, this information is not available before cycle
commencement (30). In the current study, we demonstrate
that inclusion of biomarkers known for their accurate pre-
diction of ovarian response enhances live-birth prediction
model performance beyond age and other baseline charac-
teristics. Inclusion of AMH achieved optimal model perfor-
mance compared with AFC or even the combination of
AMH and AFC and is consistent with analyses of multicenter
randomized controlled trial data demonstrating that the
combination of biomarkers did not enhance response predic-
tion over a single marker (15, 31).

Age and other clinical characteristics including previous
IVF cycle outcome have consistently been shown to be useful
in prognostic models for live-birth prediction (8). From prior
work using machine learning methods, we learned that the
use of height and weight individually or combined did not
prediction models; the AMH, AFC, and AMH-AFC models; and the

AFC model AMH-AFC model

atients Prediction error (%) % Patients Prediction error (%)

12 3 12 1
20 2 18 2
19 2 17 �3
16 1 17 2
16 2 18 1
16 2 16 3
1 8 1 �2

ean observed probability in that group.
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provide additional predictive value over the use of BMI when
predicting live-birth probabilities from IVF, so subsequent
work, including this research, used BMI (2, 5). In all of the
current models, maternal BMI was also independently
negatively associated with live birth. Maternal adiposity has
previously been shown to decrease the probability of
pregnancy in women undergoing IVF with autologous
oocytes but not donor oocytes, suggesting that this effect is
mediated via oocyte quality not endometrial receptivity (32,
33). Consistent with this, obesity as determined by both BMI
and dual energy X-ray absorptiometry determined that fat
mass has been shown to not influence maternal AMH
measurements, suggesting that the negative effect is not
mediated through oocyte quantity (34, 35).

A key strength of the study is the use of a single-center
data and inclusion of all eligible patients in a consecutive
manner. AFC has previously been criticized owing to its
lack of standardization and reproducibility, which may reflect
a combination of technical and personnel factors (21). In a
single-center study with identical ultrasound machines over
the study period and identical personnel undertaking the
ultrasound scans, many of these limitations are expected to
be minimized. This conformity may explain why AFC has per-
formed so well in single-center and individual-patient data
meta-analyses of ovarian response prediction (36, 37).
Despite this strength we still observe poorer model
performance in the model that solely incorporated AFC as
compared with AMH. We anticipate that it is the superior
prediction of ovarian response by AMH that is mediating
this improved model performance. That AMH was observed
to be a better predictor in randomized controlled trials may
have reflected that trial participants were an optimal-
prognosis patient group, with the extremes of the patient pop-
ulation excluded. However, in the current study where all
consecutive patients were included, AMH was shown to be
a better predictor in terms of achieving better prediction
model performance.

In the current study, we examined the combination of
AFC and AMH in the multivariate prediction model and did
not observe any improvement in model performance over
AMH alone. We anticipated that the combination of bio-
markers may enhance model prediction for those at the ex-
tremes of the patient population, and clinicians frequently
comment on an apparent discordance of AMH and AFC.
Furthermore, antral follicles that measure 5–8 mm are known
to make the greatest contribution to serum AMH levels (38),
yet our measured AFC reflected all follicles between 2 and
9 mm in size, with measurement of follicles of 2–6 mm
providing the most accurate estimate of ovarian response
(39). We would therefore have anticipated an independent
contribution from the different sized follicular cohorts as
assessed by AMH and AFC to further improve the prediction
model. It has been difficult to use traditional logistic regres-
sion to test not just the independent predictive value of a pre-
dictor but the nonredundant contribution to prediction. Here
we were able to use advanced data-mining techniques to spe-
cifically address this question. That we did not observe this
suggests that AMH is sufficient to provide an estimate of
6

the ovarian response to contribute to a live-birth prediction
model that encompasses other baseline characteristics.

The present study has a number of strengths, including its
size, the inclusion of two prospectively collected ovarian bio-
markers, robust statistical analyses in keeping with recent
guidelines on prognostic research (40), and the use of distinct
training and validation data sets to develop and temporally
externally validate the prediction model and a defined
outcome measure to reflect the total reproductive potential
by linking the fresh cycle with its frozen ETs. We do, however,
acknowledge several limitations.

First we recognize that certain patient subsets are not rep-
resented by the training and test sets owing to exclusion
criteria. The three main types of exclusion that limit applica-
tion of the AMH model among patients using their own eggs
in IVF are cancelled cycles (e.g., no ET), freeze-all cycles, and
IVF cycles for women >45 years old. In this study, we
excluded cycles that were cancelled for negligible response
because our intentionwas to provide a probability of live birth
assuming that the patient or health care payer has to pay for a
full IVF treatment, including oocyte retrieval, embryology
laboratory fees, and ET. From a practical and medical expen-
diture perspective, not having a baby after paying for a full
IVF treatment has a different meaning from not having a
baby after paying for monitoring of ovarian stimulation
alone. However, additional prediction models can be devel-
oped to provide the probability of cycle cancellation, by
including these cancelled cycles in the training and test
sets. We excluded freeze-all cycles because freeze-all was
not routinely performed at the time and reflected unique clin-
ical indications, and of 22 freeze-all cycles, only nine had
subsequent ETs. Separately, of the 90 cycles that were
excluded with age>45 as the sole reason for exclusion, only
5.6% resulted in a live birth. From our experience, inclusion
of cycles in which age is >45 tends to exaggerate the predic-
tion model performance, so for the purpose of this academic
research, we chose to have these stringent criteria. However,
if there is a clinical need to provide women >45 years of
age with a predicted probability of live births, the age criteria
can be changed so that more women can receive this center-
specific prediction support.

We did not adjust for the number of oocytes retrieved,
number of embryos transferred, or day of transfer as these
data were not available before commencement of ovarian
stimulation. We have, however, previously demonstrated
the utility of these covariates in predicting the success of
future treatment cycles (2). Other limitations are that to pro-
vide data on live births encompassing the outcome of linked
fresh and frozen ETs required a long period of follow-up. Dur-
ing the study time, the AMH assay has undergone several it-
erations, with recalibration of clinical thresholds and varying
levels of intra- and interindividual imprecision. We normal-
ized all values relative to the AMH Gen II assay using vali-
dated conversion equations (26).

Furthermore, we were also able to incorporate statistical
calibration (as opposed to calibrating the actual assay) of
AMH levels into our model-building process to test the perfor-
mance of AMH. We also tested models in which further digital
VOL. - NO. - / - 2015
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calibration of AMH levels was not performed (data not shown),
and in all scenariosAMHperformed better thanAFC.AMHper-
formance and thereby model performance may also improve
further with the introduction of assays in an automated plat-
form with high reproducibility (41). We used an AMH stratified
stimulation strategy, which may have contributed to the
improved model performance, but our findings of improved
performance are in line with analysis of randomized controlled
trials data where stimulation protocols were fixed (31).

Lastly, we were unable to have complete data on AFC,
which was only available for 76% of IVF cycles, as compared
with AMH, which was available in 99% of IVF cycles. In
sensitivity analyses with restriction to the population with
both measures, the conclusions were unchanged.

In conclusion, in a temporally externally validated prog-
nostic model of cumulative live birth after IVF inclusion of the
ovarian response biomarker AMH into a panel of clinical vari-
ables achieved superior prediction to that of AFC. Further,
inclusion of AFC in the prediction models provided no added
predictive value beyond AMH.
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