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Clinical prediction models estimate the individual chance of an existing
condition (diagnostic) or of a future health event (prognostic) in patients,
using information about their personal characteristics, history, test
results and/or treatment. In this issue of Human Reproduction, two sep-
arate papers report on the development of prediction models in severe
male infertility. The first aims to predict successful testicular sperm ex-
traction (TESE) in men with non-obstructive azoospermia (Cissen
et al, 2016), while the second estimates the chances of live birth in
couples undergoing ICSI using surgically extracted sperm (Meijerink
etal., 2016).

What do these models mean for fertility clinicians and their patients?
Toanswer this question we need to consider not only the validity of these
models and the methods used to generate them but also the clinical
context in which these models might be used.

Recent guidelines have been introduced to help improve the way pre-
diction models are reported (Collins et al., 2015). The papers published
in this issue display considerable insight in terms of planning and execu-
tion of the analysis. In the model predicting live birth following ICSI,
where the number of events is modest (n = 224), the authors have
had to deal with the challenge posed by the relatively large array of can-
didate predictors by using a forward selection procedure with generous
entry criteria (e.g. P-value <0.2) and exit criteria (e.g. P-value >0.2).
Such an approach has been shown to increase power for the selection
of variables that appear to have a weak effect in a small dataset but are
actually well known to be predictive (Steyerberg et al., 2000). In the
second model on sperm recovery after TESE, the authors investigated
the relationship between continuous variables such as serum LH, FSH
and testosterone levels and successful sperm recovery using a model
that assumes a linear association between these predictors and the
outcome. Itis worth noting that serum LH levels showed a non-linear re-
lationship and this was appropriately accounted for using a polynomial
transformation (Steyerberg, 2009). A positive aspect of both models is
that each has been validated on a separate dataset from another
centre—an essential step before they can be implemented in clinical
practice (Bleeker et al., 2003).

The presence of missing data in several of the predictor variables has
been acknowledged in both papers. In the model predicting sperm re-
covery with TESE, the authors used multiple imputation based on an as-
sumption that any systematic difference between the missing values and
observed values can be explained by differences in the observed charac-
teristics of the patients (Sterne et al., 2009; van Buuren, 2012). This is
better than only using patients with complete data as such an approach
leads to aloss of powerand introduces bias, especially if there are system-
atic differences between the complete and incomplete cases. Whilst it is
good that the authors have considered missing data they provide limited
information about the imputation modelling method used and the plausi-
bility of the missing at random assumption as recommended in recent
guidelines (Sterne et al., 2009). For example, were there any important
differences between patients with complete and missing data? How
many imputed datasets were created? Which predictors were included
in the imputation process?

The performance of a prediction model can be evaluated by a variety
of methods. Two of the mostimportant are discrimination (i.e. does the
model assign a higher predicted probability to those who have the
outcome versus those who do not?) and calibration (how well do pre-
dicted probabilities compare with observed probabilities?). The former
can be assessed using the area under the receiver operating curve
whilst the latter can be assessed using calibration plots (Steyerberg,
2009). Both have been described—but to what extent do they tell us
whether these prediction models will actually improve decisions in
clinical practice (Steyerberg et al., 2010)?

Both decision models address various stages of treatment of
azoospermia—T ESE in the first paper and ICSI using surgically retrieved
sperm in the second. The models developed have area under the curve
(AUC) values of 0.62—0.69, i.e. they offera slightly better discriminatory
capacity than pure chance (AUC = 0.5) but are far from offering 100%
sensitivity or specificity in a situation where the alternative to surgery/
ICSl is the use of donor sperm or no pregnancy at all. Implicit in both
papers is the belief that providing an estimate of the chances of suc-
cess may help patients make an informed choice. For many men, the
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consequences of the use of their own gametes versus donor gametes are
so profound that the threshold for attempted surgical sperm retrieval is
likely to be quite low. The calibration plot for the sperm extraction model
showed that it could reliably distinguish between men with a 35 and 50%
chance of retrieval and those whose chances were <35%. Many would
argue that a figure <35% might still be acceptable to a lot of patients,
given that similar rates are quoted to many couples attempting assisted
reproduction. TESE itself is a relatively minor operation usually per-
formed under local anaesthetic. Thus it is likely that some men might
choose surgery despite there being a poor chance of success. Live
birth rates associated with IVF have always been modest and are by no
means the only outcome of relevance to patients. Women undergoing
assisted reproduction, many of whom may never have a child, have
tended to value all (health and non-health) attributes of a particular treat-
ment rather than simply a live birth outcome (Ryan, 1999). Thus, false
positives and false negatives could be valued very differently by azoosper-
mic men and their partners when decisions are made around TESE. Add-
itionally, once sperm have been recovered, it is unusual to see a couple
who decide to avoid an autologous ICS| attempt in favour of treatment
with donor sperm or no treatment at all.

One way of navigating this complex decisional dilemma is by using a
decision curve analysis approach. For example, the hypothetical
example in Fig. | allows us to determine a range of threshold predicted
probabilities of obtaining sperm with TESE by plotting the net benefit
against the threshold probability. The net benefit is defined as the differ-
ence between the proportion of men who are true positive and false
positive for successful sperm retrieval, weighted by the relative harm
of a false-positive and false-negative result (Vickers and Elkin, 2006;
Vickers et al., 2016). The net benefit of the model is then compared
with the scenario where everyone is assumed to have no chance of
obtaining sperm (the black dot and dash line in Fig. 1) and therefore
the procedure is not done (net benefit equals zero) and to the scenario
where everyone is assumed to have obtainable sperm and therefore
undergo the procedure (the blue line in Fig. |). Threshold probabilities
that have a higher net benefit than both of these scenarios (the red
dashed in Fig. I) means that, for these thresholds, use of the model is
better than either withholding or offering TESE to the whole population.
To determine whether the model is of clinical value, we need to consider
the possible range of threshold probabilities of obtaining sperm at which
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Figure | A hypothetical decision curve of net benefit of testicular
sperm extraction (TESE) in men with non-obstructive azoospermia.

the clinician would decide to perform the TESE, taking into account the
background 50% success (Tournaye, 2010), the minimally invasive nature
of the operation and the alternative, i.e. donor sperm. This might resultin
a probability threshold of, say, 10—20% at which surgery could be
offered.

Prediction models cannot replace the role of clinicians in terms of
making a decision regarding treatment or prognosis. They provide add-
itional information which when placed alongside other medical facts facil-
itates clinical decision-making (Moons et al., 2009). However, very rarely
are any prediction models implemented into clinical practice. The impact
of a model on clinical pathways, health outcomes and costs need to be
investigated and shown to be beneficial before doctors and their patients
can be persuaded to use them (Reilly and Evans, 2006; Moons et dl.,
2012).

Thisis particularly true for reproductive medicine. A systematic review
of prediction models in this field found that out of 29 models, of which 8
were externally validated (three showed good performance), only one
was ever used in clinical practice (Leushuis et al., 2009). This is an area
which needs attention. Cluster randomized trials, where a clinic is ran-
domly assigned to standard care only or the additional use of a prediction
model, need to be considered (Moons et al., 2012).

To be useful in men with azoospermia, a prediction model may need
to ensure either thatiits false negative rate is close to zero or that it is able
to dichotomize clearly between those who have any sperm versus those
who have none. Patients currently agree to TESE knowing it can fail in half
ofall cases, and accept ICSl which offers an even lower chance of live birth
per cycle. For prediction models to be widely accepted in this population,
we need robust evidence to show that their use will lead to more benefit
than harm.
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