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study question: Which pretreatment patient variables have an effect on live birth rates following assisted conception?

summaryanswer: The predictors in the final multivariate logistic regression model found to be significantlyassociated with reduced chances
of IVF/ICSI success were increasing age (particularly above 36 years), tubal factor infertility, unexplained infertility and Asian or Black ethnicity.

what is known already: The two most widely recognized prediction models for live birth following IVF were developed on data from
1991 to 2007; pre-dating significant changes in clinical practice. These existing IVF outcome prediction models do not incorporate key pretreatment
predictors, such as BMI, ethnicity and ovarian reserve, which are readily available now.

study design, size, duration: In this cohort studya model topredict live birthwas derived using datacollected from9915women who
underwent IVF/ICSI treatment at any CARE (Centres for Assisted Reproduction) clinic from 2008 to 2012. Model validation was performed on data
collected from 2723 women who underwent treatment in 2013. The primary outcome for the model was live birth, which was defined as any
birth event in which at least one baby was born alive and survived for more than 1 month.

participants/materials, setting, methods: Data were collected from 12 fertility clinics within the CARE consortium in the
UK. Multivariable logistic regression was used todevelop the model. Discriminatory ability was assessed using the area under receiveroperating char-
acteristic (AUROC) curve, and calibration was assessed using calibration-in-the-large and the calibration slope test.

main results and the role of chance: The predictors in the final model were female age, BMI, ethnicity, antral follicle count
(AFC), previous live birth, previous miscarriage, cause and duration of infertility. Upon assessing predictive ability, the AUROC curve for the final
model and validation cohort was (0.62; 95% confidence interval (CI) 0.61–0.63) and (0.62; 95% CI 0.60–0.64) respectively. Calibration-in-the-
large showed a systematic over-estimation of the predicted probability of live birth (Intercept (95% CI) ¼ 20.168 (20.252 to 20.084),
P , 0.001). However, the calibration slope test was not significant (slope (95% CI)¼ 1.129 (0.893–1.365), P ¼ 0.28). Due to the calibration-in-
the-large test being significant we recalibrated the final model. The recalibrated model showed a much-improved calibration.

limitations, reasons for caution: Our model is unable to account for factors such as smoking and alcohol that can affect IVF/ICSI
outcomeand is somewhat restricted torepresenting theethnic distributionandoutcomes for theUKpopulationonly. Wewere unable toaccount for
socioeconomic status and it may be that by having 75% of the population paying privately for their treatment, the results cannot be generalized to
peopleof all socioeconomic backgrounds. In addition, patients and clinicians should understand this model is designed for use before treatment begins
and does not include variables that become available (oocyte, embryo and endometrial) as treatment progresses. Finally, this model is also limited to
use prior to first cycle only.

wider implications of the findings: To our knowledge, this is the first study to present a novel, up-to-date model encompassing
three readily available prognostic factors; female BMI, ovarian reserve and ethnicity, which have not previously been used in prediction models for IVF
outcome. Following geographical validation, the model can be used to build a user-friendly interface to aid decision-making for couples and their
clinicians. Thereafter, a feasibility study of its implementation could focus on patient acceptability and quality of decision-making.
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Introduction
The number of couples seeking IVF in the UK has continued to rise, with a
3% increase from the 62 158 couples treated in 2012 to 64 000 in 2013
(‘Fertility treatment in 2013. Trends and figures. HFEA.’). Contrary to
common perception, IVF does not guarantee success; between 38 and
49% of couples who start IVF will remain childless, even after undergoing
up to six IVF cycles (Malizia et al., 2009). It is therefore important that sub-
fertile couples are well informed about their chances of success with IVF.
Based on their specific probability of success, the couple can decide
whether the risks of the treatment and the emotional and, in many cases,
financial burden can be justified. To optimize counselling for couples on
their chances of a live birth after IVF, clinical prediction models, which esti-
mate the chance of an outcome adjusted fora patient’s characteristics, may
play a role since clinicians’ judgments can often be inaccurate (Wiegerinck
et al., 1999; Van Der Steeg et al., 2006). Reliance on annually published
validated age-stratified national success rates (Australian Government
Department of Health and Ageing, 2006; Andersen et al., 2009) has
meant that clinicians often tend to base predictions solely on age.

There have been many attempts to build prediction models to aid clin-
icians in predicting IVF success (Stolwijk et al., 1996, 1998; Templeton
et al., 1996; Minaretzis et al., 1998; Hunault et al., 2002, 2007; Nelson
and Lawlor, 2011). The two most widely recognized models, which
used live birth as the primary outcome, are those by Templeton et al.
(1996) and Nelson and Lawlor (2011). A study by a Dutch team (te
Velde et al., 2014) used their cohort to validate both these models to
assess the effects of time trends on model performance. They found
that the Templeton model underestimated success rates, as one may
expect given that it is a much older study, and the Nelson model over-
estimated success rates. The study showed that the calibration of both
models considerably improved when the models were adjusted for the
changing success rates over time.

A recent study by Smith et al. also performed external validation of the
Templeton and Nelson models using a large dataset of over 130 000
cycles (Smith et al., 2015). They found that the discriminative power
(assessed using area under receiver operating characteristic (AUROC)
curve) was comparable between the models; but that the Nelson
model had markedly better calibration. They also found both models
underestimated the live birth rate, although as seen with te Velde et al.
(2014), this improved when the models were updated to reflect
improvements in live birth rates over time.

A recent report by the Human Fertilisation and Embryology Authority
(HFEA) recognized that IVF practice and outcomes have seen significant
changes between 2008 and 2012, primarily because of the introduction
of Day 5 (blastocyst) embryo transfer (‘Fertility treatment in 2013.
Trends and figures. HFEA.’). Given these advancements in technology,
and the fact that most existing models were developed before 2008,
there is a need for a new model based on more recent data.

Another pitfall of the existing models is their inability to account for
certain key predictors of IVF treatment outcome. In particular, the

most recent of these models (Nelson and Lawlor, 2011) built using a
large dataset provided by the HFEA was not able to include BMI, any
measure of ovarian reserve or ethnicity. A systematic review in 2011
which included 33 studies concluded that a raised BMI has an adverse
effect on pregnancy outcomes for women underdoing IVF treatment
(Rittenberg et al., 2011). They also found that this negative association
was apparent for both obese (BMI 30–39.9) and overweight (BMI
25–29.9) women (Rittenberg et al., 2011). There is also strong evidence
to suggest that women with a diminished ovarian reserve generally have a
poor response to gonadotrophin therapy and therefore the chance of a
successful pregnancy (Ulug et al., 2003; Jirge, 2011). A recent study
reported that antral follicle count (AFC) correlated strongly with the
number of mature oocytes retrieved in IVF/ICSI cycles (Shaban and
Abdel Moety, 2014), which, in turn, can influence the chances of preg-
nancy. Another study found that AFC provided additional prognostic
value to female age in predicting response to ovarian hyperstimulation
(Broer et al., 2013). Finally, several large cohort studies have shown
that ethnicity has an association with IVF outcome, with Black and
South Asian women appearing to have the poorest outcomes (Seifer
et al., 2008, 2010; Baker et al., 2010; Fujimoto et al., 2010; Luke et al.,
2011). In addition, a review published in 2012 concluded that current evi-
dence suggests there are significant disparities in IVF outcomes between
ethnic groups (Wellons et al., 2012). Despite this, ethnicity is a factor that
is yet to be included as a predictor in any model predicting live birth
following IVF.

The aim of this study is to derive, assess and validate a novel predictive
model that will estimate the chance of live birth for women undergoing
their first IVF non-donor cycle. This model will use only pretreatment
factors and include previously unrecorded predictors such as BMI,
ovarian reserve and ethnicity.

Materials and Methods

Derivation cohort
The study population was derived from a database of all patients who had
undergone their first fresh non-donor cycle of IVF (including ICSI) at any of
the Centres for Assisted Reproduction (CARE) clinics across the UK and
Ireland, between 2008 and 2012. CARE is one of the UK’s largest independ-
ent providers of fertility services, where both NHS and non-NHS patients are
treated, �25% of patients are NHS funded and 75% fund themselves. The
CARE database consists of routinely collected baseline demographics,
cycle data and outcome data for all patients.

Within the variable for previous IVF, any woman with a history of IVF treat-
ment, whether it was at a CARE clinic or elsewhere, was assigned a ‘1’,
women without any history of IVF treatment were assigned ‘0’. All women
with a ‘1’ wereexcluded fromanalysis. The reason for this was to exclude pre-
vious treatment as a confounder and also because the primary use of the
model is for couples seen at their first clinic appointment, prior to embarking
on IVF treatment. The decision to include IVF and ICSI as one variable was
because the authors agreed that success rates are comparable for the two
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treatment modalities and so it was reasonable to include them together. Also,
the model is designed for use before patients undergo treatment, and because
occasionally in the cases of ‘mild male factor’ clinicians will often decide to
crossover from IVF to ICSI once the patient has come through for treatment
we felt it was better to keep IVF and ICSI as one variable.

Baseline demographics, cycle data and outcome data were retrieved from
12 CARE clinics across the UK. The CARE consortium is composed of five
main fertility clinics (Nottingham, Manchester, Northampton, Sheffield and
Dublin) and a further seven satellite centres. For patients seen initially at
the satellite clinics, they are seen up to the point of egg collection; egg collec-
tion, all embryology and embryo transfer are then performed at the nearest
main clinic. Following the embryo transfer the satellite clinic resumes full care
of the patient.

The original database contained information on over 50 000 cycles dating
back to 1998. A decision was made to limit the dataset from 2008 onwards
due to advances in technology over time and improvements in clinical prac-
tice, such as greater numbers of blastocyst transfer and single embryo trans-
fer, as detailed in the recent HFEA report, which in turn have affected success
rates (‘Fertility treatment in 2013. Trends and figures. HFEA.’). Data from the
first cycle only were used to eliminate the bias from previous cycle failures.
Furthermore, by limiting to only first cycle we were able to express the prob-
ability of live birth outcome per individual woman.

Primary outcome
The primary outcome for the model was live birth, which was defined as any
birth event in which at least one baby was born alive and survived for more
than 1 month. This definition is consistent with previous publications, includ-
ing that of Templeton et al. (1996) and Nelson and Lawlor (2011).

Statistical analyses
Model development
Univariable logistic regression analyses were performed to assess the associ-
ation of each of the predictive factors with live birth. A multivariable logistic
regression model was used to derive the final prediction model for live birth.
The predictors included in the multivariable model were pre-selected based
on knowledge from the existing literature (van Loendersloot et al., 2010) and
clinical knowledge and were as follows: age, BMI, ethnicity, cause of infertility,
duration of infertility, AFC, previous live birth and previous miscarriage. AFC
was selected in preference to early follicular FSH as it is a more accurate
measure of ovarian reserve (Jirge, 2011; Broer et al., 2013). Anti-mullerian
hormone (AMH) has similar accuracy to AFC (Jirge, 2011; Broer et al.,
2013) and is a more objective measure of ovarian reserve. However, as
AMH is a fairly recent test it was not available for most patients in the deriv-
ation cohort, therefore AFC was selected in preference.

The continuous variables of age, BMI, duration of infertility and AFC were
assessed for their functional form using plots of the observed log odds (Sup-
plementary Figs S1–S4). In the case of age, duration of infertility and AFC
there was a non-linear relationship with live birth. Appropriate transforma-
tions were carried out and subsequently included in the model. The results
for age showed that below 36 years of age the chances of live birth appeared
fairly constant, but above 36 there was a sharp linear decline, resulting in two
linear variables being created for age.

Missing data
Thewhole dataset contained 9915 women, dataentry was complete in all vari-
ables except for BMI and AFC, therefore we were required to impute the
missingdata. Amultiple imputationprocedurewasconductedusingan iterative
Markov chain Monte Carlo method. All predictors and the outcome of live
birth were included in the imputation process to maximize the precision of
the imputations. All univariable models and the multivariable model were

fitted to the 20 imputed datasets arising from the multiple imputation proced-
ure. The parameter estimates and covariance’s arising from the models from
each imputed dataset were combined to produce inferential results.

Predictive ability
Initially the model was assessed for predictive ability using apparent valid-
ation. Apparent validation is when the model performance is assessed direct-
ly in the same cohort from which it was derived (Steyerberg, 2009). The two
performance measures used were discrimination and calibration. Discrimin-
ation is the ability of the model to correctly discriminate between those who
had the outcome and those that did not i.e. correctly distinguish between the
women who had a live birth (for whom the model assigns a higher probability)
and women who do not have a live birth (for whom the model assigns a lower
probability). The AUROC curve (also known as a c-statistic) was used as a
measure of discrimination. Calibration refers to the agreement between
the predicted probabilities of live birth and the observed (actual) probabil-
ities. The predicted probabilities from the final model were assessed for ac-
curacy across increasing tenths of predicted probabilities using calibration
plots. The mean observed probability is plotted against the mean predicted
probability in each tenth and perfect calibration is displayed as a straight line
passing through zero with a gradient of one.

Model validation
External validation of the model was performed on a cohort of women
undergoing their first fresh IVF cycle at any CARE clinic during the year of
2013 (temporal validation) (Steyerberg, 2009). The missing data in the
validation cohort were also imputed using the same method as the derivation
cohort. For ease of computation and interpretation, the average measures of
the imputed values were taken across all 20 imputed datasets for women
who had values imputed, so that validation was performed on only one
dataset. The model was fitted to the validation cohort (2013 population)
using the same parameter estimates derived from the study cohort
(2008–2012 population). The predictive ability of the model was assessed
on the external validation cohort. The AUROC curve was determined to
assess discriminatory ability and calibration plots were presented. As a
formal test of calibration we assessed calibration-in-the-large to compare
the mean predicted probability of live birth with the mean observed probabil-
ity of live birth. This is essentially the intercept from the model, which is only
adjusted for the linear predictors (as an offset) from the final model, applied
to the patients in the external cohort. A significant deviation from zero indi-
cates that predictions are systematically too low or too high (Steyerberg and
Vergouwe, 2014). The calibration slope was also calculated, where a perfect
slope (i.e. perfect agreement between predicted and observed probabilities)
would have a gradient of one. Significant deviations from one would suggest
that low predicted probabilities were too low or too high and high predicted
probabilities were too high or too low.

All statistical analyses were performed using the Statistical Package for the
Social Sciences (ver. 21.0; SPSS Inc., Chicago, IL, USA) and SAS (ver.9.2; SAS
Institute, Cary, NC, USA). A value of P , 0.05 was considered significant.

Ethical approval
Permission for use of the database was granted by the CARE IRB following
review of the study protocol. The dataset was anonymized according to
the ICO’s (Information Commissioner’s Office) guide on non-identifiable
data. Furthermore the CARE data protection certificate allows for their
data to be used for survey and research purposes.

Data sharing
The complete anonymized dataset is held on a secure, password protected
University of Birmingham account belonging to the corresponding author
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only. Participant consent was not obtained as the presented data are
anonymized and risk of identification is extremely low.

Results

Derivation cohort
A total of 9915 women were used to build the final model. Figure 1 shows
how we established the eligible cohort of IVF (including ICSI) treatment
cycles. Table I shows the baseline characteristics of the cohort. The
overall rate of at least one live birth from the whole dataset was 31.5%.

Missing data
Only two of the variables selected for use in the multivariate model had
missing data, these were BMI and AFC. Descriptive characteristics of
women with missing and non-missing data for BMI and AFC can be
found in Supplementary Table SI. The data across each baseline charac-
teristicwere reasonably comparable between the two groups. However,
significantly more women with a BMI measurement were of white ethni-
city (81.7 versus 70.5%, P , 0.001) and had partners with male factor in-
fertility (65.1 versus 48.5%, P , 0.001) than women without a BMI
measurement.

Univariate and multivariate analyses
The univariate associations of the potential predictors for live birth fol-
lowing IVF are shown in Table II. The multivariable logistic regression
model predicting live birth is displayed in Table III. The model shows
that the odds of a successful live birth decrease with age. This reduction
in the odds of live birth is greater with each increasing year of age past the
age of 36 years compared with up to the age of 36 years. Other variables
which showed a statistically significant reduction in odds of livebirth in the
multivariate final model were; tubal factor, unexplained infertility, and

Figure1 Definition of eligible cohort and analysis samples. The flowchart displays the process of selection for the study population and the corresponding
number of cycles. Total number of cycles used for analysis, n ¼ 9915.

........................................................................................

Table I Baseline characteristics of the cohort
undergoing a first IVF (including ICSI) treatment cycle.

Cohortn (%)or mean(SD)

Whole dataset
(n 5 9915)

Age (years) 34.6 (5.4)

Duration of infertility (in completed
years)

2.0 (2.0)

BMI* 24.8 (4.0)

AFC* 18.7 (13.6)

Previous miscarriage 1818 (18.3%)

Previous live birth 1578 (15.9%)

Cause of infertility

Tubal factor 1442 (14.5%)

Anovulation 1088 (11.0%)

Unexplained 2950 (29.8%)

Other (e.g. endometriosis, fibroids) 3005 (30.3%)

Male factor 5611 (56.6%)

Ethnicity

White 7530 (75.9%)

Asian 768 (7.7%)

Black 162 (1.6%)

Chinese 60 (0.6%)

Other 115 (1.2%)

Not stated 924 (9.3%)

Mixed 356 (3.6%)

*Variable contains missing data.
AFC, antral follicle count.
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being Asian or Black. The univariate analysis suggested that increasing
BMI, duration of infertility .5 years and previous miscarriage were asso-
ciated with decreased odds of live birth, while increasing AFC was asso-
ciated with a significantly increased odds of live birth. However these
associations became non-significant in the multivariate analysis.

Predictive ability
The AUROC curve test for discriminatory ability of the final prediction
model for odds of live birth was 0.62 (95% confidence interval (CI)
0.61–0.63). The ROC curve and calibration plots are displayed in Sup-
plementary Fig. S5a and b, respectively.

Model validation
Our external cohort consisted of 2723 patients who had undergone their
first fresh assisted treatment cycle at any CARE clinic in the year of 2013.
The baseline characteristics, cycle characteristics and outcome data for
the validation cohort are displayed in Supplementary Table SII. The
overall live birth rate for this cohort was 31.7%. The baseline characteristics
of theboth the derivation and validationcohorts were comparable, as were
the overall live birth rates. The AUROC for the final model applied to the
external cohort was 0.62 (95% CI 0.60 to 0.64). Calibration-in-the-large
showed a systematic over-estimation of the predicted probability of live
birth (Intercept (95% CI) ¼ 20.168 (20.252 to 20.084), P , 0.001).
However, the calibration slope test was not significant (slope (95% CI) ¼
1.129 (0.893 to 1.365), P ¼ 0.28) meaning that the over-estimation was
uniform across the range of predicted probabilities (Fig. 2). Due to the

calibration-in-the-large test being significant we recalibrated the final
model. This was done by scaling the linear predictor from the final
model, using the slope and intercept (y ¼ 20.078 + 1.129); we then
adjusted for the final model linear predictor and applied this to the external
cohort. The recalibrated model is shown in Fig. 3 and shows a much
improved calibration.

Discussion
To date, successful prediction of live birth after assisted reproductive
technology has been limited. We have developed a novel model,
which encompasses prognostic factors that have not previously been
used, such as BMI, ovarian reserve and ethnicity. The key predictors in
our model that were shown to have a significant effect on the chances
of live birth are: age, tubal factor, unexplained causes of infertility and
being South Asian or Black.

Strengths and weaknesses
This is the first successfully derived and externally validated prediction
model for live birth following assisted conception for women undergoing
their first fresh non-donor cycle of treatment, which accounts for BMI,
ethnicity and ovarian reserve. This prediction model is purposefully
simple, in that its use is only for women undergoing their first fresh non-
donorcycle. We believe this prediction tool holds an important role as an
adjunct in the counselling process for women at the critical decision-
making point in their journey, i.e. before they embark on their first treat-
ment cycle. The advantage of using data from a first IVF cycle means that
the calculated probabilities are expressed per woman/couple and not
per cycle.

The greatest strength of our model is that it has highlighted ethnicity as
a key predictor for IVF success; ethnicity is a factor which has not been
used in any previous prediction models. Ethnicity has been recognized
in many American papers (Seifer et al., 2008, 2010; Baker et al., 2010;
Fujimoto et al., 2010; Luke et al., 2011; Wellons et al., 2012) as a con-
founding factor in affecting IVF success and we have seen this also in
our model. There appears to be a strong association between being
South Asian or Black and having a lower chance of live birth even when
accounting for the other predictors in the multivariate analysis. We re-
cently published a cohort study and meta-analysis investigating the
effect of ethnicity on IVF outcome (Dhillon et al., 2015) and explored po-
tential reasons why South Asian and Black women have lower live birth
rates following IVF, including accounting for fibroids in Black women,
however no solid explanations could be drawn. However, despite the
addition of ethnicity as a novel key predictor to our model, given the
large variation in ethnic groups across the globe, our model is somewhat
restricted to representing the ethnic distribution and outcomes for the
UK population only. It would be useful to externally validate this model
on a dataset from a different country to see if ethnic variability affects
the performance measures of the model. A further limitation of the inclu-
sion of ethnicity within the model is that the group with ‘not stated’ eth-
nicity constitutes more than 10% of the study population, in addition all
the ethnic minority groups are smaller than this ‘not stated’ group and so
this may have influenced the data and added bias to the results.

In addition to ethnicity, no previous models have accounted for BMI or
AFC. As mentioned in the results, the univariate analysis for BMI and live
birth outcome was statistically significant, showing that increasing BMI

........................................................................................

Table II Univariate associations of potential predictors
for live birth following IVF.

OR (95% CI) P-value

Age (years) 0.94 (0.93–0.94) ,0.001

Duration of infertility (in completed years) 0.97 (0.95–0.99) 0.003

BMI* 0.98 (0.97–0.99) 0.01

AFC* 1.01 (1.01–1.02) ,0.001

Previous miscarriage 0.84 (0.74–0.94) 0.002

Previous live birth 0.93 (0.83–1.05) 0.2

Cause of infertility

Tubal factor 0.90 (0.80–1.01) 0.08

Anovulation 1.21 (1.07–1.40) 0.003

Unexplained 1.01 (0.92–1.11) 0.8

Other (e.g. Endometriosis, fibroids) 0.70 (0.63–0.77) ,0.001

Male factor 1.02 (0.94–1.11) 0.7

Ethnicity

White Reference

Asian 0.95 (0.81–1.12) 0.6

Black 0.44 (0.29–0.67) ,0.001

Chinese 0.84 (0.48–1.48) 0.5

Other 0.68 (0.44–1.05) 0.08

Not stated 1.00 (0.86–1.16) 1

Mixed 0.86 (0.68–1.09) 0.2

*Variable contains missing data.
OR, odds ratio; CI, confidence interval.

88 Dhillon et al.

D
ow

nloaded from
 https://academ

ic.oup.com
/hum

rep/article/31/1/84/2379989 by guest on 23 April 2024

http://humrep.oxfordjournals.org/lookup/suppl/doi:10.1093/humrep/dev268/-/DC1
http://humrep.oxfordjournals.org/lookup/suppl/doi:10.1093/humrep/dev268/-/DC1
http://humrep.oxfordjournals.org/lookup/suppl/doi:10.1093/humrep/dev268/-/DC1


reduces the odds of live birth, however this association became non-
significant in the final model. This could be explained by the fact that
other predictors in the model carry more weight in influencing live
birth when looked at in combination: one of the strongest predictors,
as we would expect, was female age. It appears from our data that BMI
increases with increasing age and so this would explain why in multivari-
ate analysis, where age is accounted for, the effect of BMI on live birth is
not significant. In addition to this, it appears that in general Black women
have higher BMI than White women. Black ethnicity alone is a strong pre-
dictor for lower chances of IVF success; after accounting for ethnicity this
could be another reason why the association between BMI and reduced
IVF success is lost in the multivariate analysis.

Similarly as for BMI, the univariate analysis for AFC and live birth was
significant, showing that increasing AFC is associated with a higher odds
of live birth, however this became non-significant in the final model.
When looking at the data further, it shows that women with increasing
age have reduced AFC and so, as was seen with BMI, the effect of AFC

on IVF outcome after accounting for age is reduced; nonetheless on
this basis alone we feel AFC should not be rejected as a predictor in
the model. Furthermore, we acknowledge that AFC is a subjective
measure and therefore open to intra-observer variability, however it
has been shown that even with this variability, its ability to predict IVF
success is comparable with AMH (a non-subjective measure of ovarian
reserve) (Bonilla-Musoles et al., 2012; Tremellen and Savulescu, 2014).
Furthermore, recording of AMH was very poor within the database
and therefore, in order to use a variable with fewer missing entries,
AFC was selected over AMH.

Inevitably, in any prediction model, one is unable to account for the
residual confounding effect of the unavailable variables. One of the weak-
nesses of our model is that we have been unable to account for confoun-
ders such as smoking status and alcohol intake. A recent systematic
review and meta-analysis on predictive factors in IVF evaluated nine pre-
dictive factors: female age, duration of subfertility, type of subfertility, in-
dication for IVF, basal FSH, fertilization method, number of oocytes,

................................

.............................................................................................................................................................................................

Table III Final multivariate logistic regression model for live birth (n 5 9915).

Parameter estimate SE P-value Odds ratio 95% CI

Lower Upper

Age:

≤36 years 20.035589 0.008 ,0.001 0.97 0.95 0.98

.36 years 20.106139 0.012 ,0.001 0.90 0.88 0.92

BMI 20.010881 0.009 0.2 0.99 0.97 1.01

Cause of infertility:

Male factor 20.085967 0.056 0.1 0.91 0.82 1.02

Tubal factor 20.254369 0.069 ,0.001 0.78 0.68 0.89

Anovulation 20.138708 0.082 0.09 0.87 0.74 1.02

Unexplained 20.133782 0.067 0.04 0.88 0.77 0.99

Other (e.g. endometriosis) 20.118451 0.062 0.05 0.89 0.79 1.00

Ethnicity:

White 0 Reference

Asian 20.171572 0.084 0.04 0.84 0.71 0.99

Black 20.683648 0.214 ,0.001 0.51 0.33 0.77

Chinese 20.181580 0.293 0.5 0.83 0.47 1.48

Other 20.355212 0.222 0.1 0.70 0.45 1.08

Not stated 20.005533 0.083 0.9 0.99 0.84 1.17

Mixed 20.192857 0.122 0.1 0.83 0.65 1.05

Previous live birth

No 0 Reference

Yes 0.093953 0.063 0.1 1.10 0.97 1.24

Previous miscarriage

No 0 Reference

Yes 20.023788 0.060 0.7 0.98 0.87 1.10

AFC 0.015095 0.008 0.06 1.02 1.00 1.03

AFC (squared) 20.000142 0.000 0.2 1.00 1.00 1.00

Duration of infertility:

0–4 years 0 Reference

≥5 years 20.093313 0.066 0.2 0.91 0.80 1.04

Constant 0.811547 0.355 0.02 2.25 1.12 4.54
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number of embryos transferred, and embryo quality (van Loendersloot
et al., 2010). As our model is for pretreatment counselling only, we did
not include anyoocyte or embryo factors. We have,however, accounted
for the other mentioned factors with the exception of basal FSH, where
instead we have used a more accurate ovarian reserve measure in AFC.

Given the complexities of assisted conception there are many other
confounders that can have an effect at different time points. For
example there are prognostic factors which are only determined once

a cycle has begun, such as oocyte number and embryo quality. A
further limitation of our model is that it is restricted to use prior to starting
treatment only. We appreciate that IVF success rates depend on more
than the factors in this model alone. Therefore it is important for clini-
cians when using the model to ensure their patients understand that
their probability of having a successful outcome will invariably change
as they progress through their treatment and thus should be interpreted
as a baseline prediction only.

A final weakness is that this model was built on a predominantly self-
funded population. As we have been unable to account for socio-
economic status it may be that by having 75% of the population paying
privately for their treatment this cannot be generalized to people of all
socioeconomic backgrounds.

Comparison to existing models
Using our novel model, one is able to predict the chances of live birth fol-
lowing IVF, and this predictive ability has been assessed by the AUROC
curve. Our model is the first model to incorporate new predictors such
as ethnicity, AFC and BMI; with ethnicity shown to be a strong predictor
of success. There are some similarities between our model and the exist-
ing models. The Templeton model gives the possibility of the category
‘no previous IVF’ and has been externally validated, and the validated
Nelson model also gives the possibility of the categories ‘no previous
IVF’ with 0, at least 1 pregnancy and at least 1 live birth. Thus both of
these models can be applied before IVF is started and predict the
success of the 1st IVF cycle, as for ours. Given the similarities in the
use of our model compared with the existing models we have provided
a crude comparison. Following apparent validation, Templeton et al.
(1996) found the AUROC curve to be 0.62 (95% CI 0.61–0.62) and
Nelson and Lawlor (2011) 0.63 (95% CI 0.62–0.64), whilst our model
showed an AUROC curve of 0.62 (95% CI 0.61–0.63). Following exter-
nal validation of our study, the AUROC curve was 0.62 (95% CI 0.60–
0.64), the recently externally validated Nelson model (IVFpredict) and
Templeton model had an AUROC of 0.63 (0.62–0.63) and 0.62
(0.61–0.62) respectively (Smith et al., 2015), showing that our model
has comparable discriminatory ability with these previous models. The
Dutch study (te Velde et al., 2014) and the more recent study by
Smith et al. (2015) showed improvements in the performance of the
Nelson and Templeton models when taking into account the effect of
time trends. However, for our model there was no significant difference
in live birth rates between 2008 and 2013 (P ¼ 0.2). Adding treatment
year to our model made no difference in the performance (AUROC
0.62, 95% CI 0.61–0.62) and so it was not included. A likely explanation
is that both the Templeton and Nelson models were built on consider-
ably older datasets compared with our model, pre-dating significant
changes in clinical practice that occurred from 2008 onwards, therefore
requiring an adjustment for time.

For IVF prediction models, calibration is deemed to be a more import-
ant measure of predictive ability than discrimination. A systematic review
by Coppus et al. concluded that prediction models in reproductive medi-
cine will be limited to an AUROC of no greater than 0.65 due to the rela-
tively homogeneous group of subfertile patients (Coppus et al., 2009).
The calibration assessments for our model showed that there was a
small systematic over-estimation in the predicted probabilities. After
recalibration to correct for this, the calibration plot was much improved.

Figure 2 Graphical representation of the predicted probability of live
birth against the actual probability of live birth. Patients were ranked into
order of predicted probability of live birth and divided into tenths. The
circles represent the mean risks for each tenth; the dotted line repre-
sents the perfect relationship; the dashed line represents the smooth
non-parametric Loess calibration curve fitted through the circles; the
plus symbols represent the spread of patients across predicted risks.

Figure 3 Graphical representation of the predicted probability of live
birthagainst theactualprobabilityof livebirth following recalibration. Reca-
libration of data from Fig. 2 was done by scaling the linear predictor from
the final model, using the slope and intercept (y ¼ 20.078 + 1.129);
we then adjusted for the final model linear predictor and applied this to
the external cohort (n¼ 2723 cycles).
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Clinical implications
Examples of how our novel prediction model could be used in clinical
practice to give an estimate of a couple’s probability of achieving a live
birth are shown in Table IV; an example of how to use the model is pre-
sented in Supplementary Fig. S6. We have presented the predicted prob-
abilities for both the original externally validated model and the
recalibrated model; the results show that the predicted probabilities
from the recalibrated model were only slightly lower than those from
the original model. We have illustrated not only the clinical use of this
model (which will be developed into a freely available computer
program, and/or mobile phone application) but also how a couple’s
characteristics influence their prognosis. This model provides a persona-
lized approach to counselling and estimates chances of success based on
easily measurable variables that are specific to the individual woman;
rather than using success rates based on age-related national HFEA
data. The idea would be for clinicians to use the model routinely when
counselling couples seen in outpatient clinics for the first time, as the
vast majority of UK hospital clinics will have computers with internet
access. This should ensure that all patients have the opportunity to use
the model at some point, which is particularly important for those
patients who may have limited access to the internet or a mobile phone.

Future research
The next step for our model will be to further validate by performing geo-
graphical external validation. We plan to do this using the data collected
from the Birmingham Women’s Hospital Fertility Centre, as well as other
assisted conception units. Following this we intend to build the model
into a user-friendly web-based decision aid and mobile application allow-
ing for use by both clinicians and patients. Finally, we intend to study
patient experience of the tool and its impact on decision-making.

Supplementary data
Supplementary data areavailable athttp://humrep.oxfordjournals.org/.
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