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Several risk scores have been developed to calculate the probability of postoperative nausea and
vomiting (PONV). However, the power to discriminate which individual will suffer from PONV
is still limited. Thus, we wondered how the number of predictors in a score affects the discrim-
inating power and how the characteristics of a population—which is needed to measure the
power of a score—may affect the results. For ethical reasons and to be independent from cen-
tre specific populations, we developed a computer model to simulate virtual populations. Four
populations were created according to number, frequency, and odds ratio of predictors.
Population |: parameters were derived from a previously published paper to verify whether
calculated and reported values are in accordance. Population |l: a gynaecological population
was created to investigate the impact of the study setting. Populations Ill and IV: to meet ideal
assumptions a model with up to seven predictors with an odds ratio of 2 and 3 was tested,
respectively. The discriminating power of a risk score was measured by the area under a recei-
ver operating characteristic curve (AUC) and an increase of more than 0.025 per predictor
was considered to be clinically relevant. The AUC of population | was similar to those reported
in clinical investigations (0.72). The study setting had a considerable impact on the discriminat-
ing power since the AUC decreased to 0.65 in a gynaecological setting. The AUC with the
‘idealized’ populations Il and IV was at best in the range of 0.7-0.8. The inclusion of more than
five predictors did not lead to a clinically relevant improvement. The currently available simpli-
fied risk scores (with four or five predictors) are useful both as a method to estimate individual
risk of PONV and as a method for comparing groups of patients for antiemetic trials. They are
also superior to single predictor models which are just using the patients’ history of PONV or
female gender alone. However, our analysis suggests that the power to discriminate which indi-
vidual will suffer from PONV will remain imperfect, even when more predictors are
considered.
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The incidence of post-operative nausea and vomiting
(PONV) is still about 25-30%." Thus, innumerable studies
have been carried out to investigate prophylactic antiemetic
treatments.” Meta-analyses have shown that efficacy of
prophylactic antiemetic strategies is limited and that the
number-needed-to-treat (NNT) to prevent one patient from
PONV is at best in the range of 5 when the basal event rate is
high.> In addition, prophylactic compared with thera-
peutic antiemetic treatment does not improve patient
satisfaction unless a high basal event rate is present.’
Thus, prophylactic antiemetics appear only justified in
patients at increased risk for PONV.” 8

In the past, high-risk patients were intuitively classified
by reference to the past medical history of PONV or the type
of surgery. Recently, risk scores have provided an objective
risk assessment for PONV.?~'! Several studies have shown
that the risk assessments derived from such scores are robust
enough to be also valid both in other hospitals and under
different conditions."'~'* However, the power to discrimin-
ate which individual will suffer from PONV remains limited
(discriminating power). Thus, some centres are starting to
develop more complex scores,'”” hoping to gain better
results by the inclusion of more predictors. Unfortunately,
the development and the validation of such scores requires a
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large number of patients not receiving prophylactic
antiemetics which may be ethically questionable if they
are at high risk according to current risk scores. Thus, for
ethical reasons and to be independent from centre specific
populations, we created virtual populations to explore what
can be expected from risk scores for predicting PONV by
investigating how the number of risk factors and different
study settings may affect their discriminating power.

Methods

The virtual populations were created using a computer
model as described in more detailed in the appendix.

Population I was created to verify that this model of a
virtual population (when based on parameters taken from a
previous study on real patients) leads to similar results when
compared with the previously reported area under the
receiver operating characteristic curve (AUC) from the ‘real
world’."" This was achieved by considering the frequencies
and odds ratio (OR) from the previous publication. Then,
risk scores considering female gender alone, non-smoking,
history of motion sickness or PONV (MSPONVhist), plus
post-operative opioids and plus the consideration of the
interaction of male gender and MSPONVhist were created
(Tables 1 and 2). Its discriminating power was measured by
the AUC.

To investigate how the AUC might be affected by a
different study setting, a gynaecological setting (population
II) was constructed so that female gender could no longer be
used as a predictor. The population also included type of
operation to quantify the benefit of an additional predictor as
most scores were unable to identify the type of operation as
an independent risk factor. For this, we were assuming that

Table 1 Frequency of PONV and predictors in the different populations

gynaecological laparoscopies are associated with an OR of

2.3, as previously described.'®
Finally, for populations III and IV, risk scores consider-

ing 1-7 idealized predictors (frequency 50% and OR 2 and

3, respectively) were applied to approximate what can at

best be expected from an n-predictor model (Tables 1 and

2). In summary, four populations with different character-

istics were created (Table 1 and 2).

e Population I: Incidence of PONV, frequency, and OR of
the predictors were taken from a previous study based on
real patients.''

e Population II: Incidence, frequency, and OR were
modified to represent a gynaecological setting.

e Population III: Incidence of PONV=50%, frequency of
risk factors=50%, OR=2.0.

e Population I'V: Incidence and frequency as simulation III,
but OR=3.0
Characteristics to create the populations were derived

from the literature. A systematic review of studies inves-

tigating predictors using logistic regression models revealed
two publications analysing postoperative vomiting

(POV),"* ' and six analysing PONV.°7'! 15 16 18 Ope

study from a pharmaceutical company was excluded,'®

because individual predictors (e.g. patients history of

PONV) were not appropriately considered. A second

study was not considered'” for reasons described in a joint

letter from the UK, Finland, and Germany. 19 The remaining
studies with more than 1000 patients'® '' '3 1617 reported

ORs for female gender in the range of about 3 while the OR

of the other predictors were in the range of 2 or less. Thus,

the first assumption was that the OR of clinically relevant

predictors for PONV are at best in the range of 2-3.
While some scores allow exact calculations of the

probability using the coefficients derived from the logistic

Population I (%) Population II (%)

Population III (%) Population IV (%)

PONV=34.5

Females=56.9
Non-smoker=73.1
MS-PONVhist=35.1
Post-operative opioids=45.8
Interaction=7.6

PONV=60

Females=100
Non-smoker=80
MS-PONVhist=50
Post-operative opioids=50
Laparoscopies=25

PONV=50

1st Predictor=50
2nd Predictor=50
3rd Predictor=50
4th Predictor=50
5th Predictor=50
6th Predictor=50
7th Predictor=50

PONV=50

1st Predictor=50
2nd Predictor=50
3rd Predictor=50
4th Predictor=50
5th Predictor=50
6th Predictor=50
7th Predictor=50

Table 2 OR of predictors in the different populations

Population I Population IT

Population IIT

Population IV

Females=3.57
Non-smoker=2.05
MS-PONVhist=1.92
Post-operative opioids=2.18
Interaction=2.14

Females=3.57
Non-smoker=2.05
MS-PONVhist=1.92
Post-operative opioids=2.18
Laparoscopies=2.3

1st Predictor=2.0
2nd Predictor=2.0
3rd Predictor=2.0
4th Predictor=2.0
Sth Predictor=2.0
6th Predictor=2.0
7th Predictor=2.0

Ist Predictor=3.0
2nd Predictor=3.0
3rd Predictor=3.0
4th Predictor=3.0
Sth Predictor=3.0
6th Predictor=3.0
7th Predictor=3.0
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models’ "* '7 two recent studies provided evidence that a

simplification by just considering the number of binary
predictors does not significantly impair the discriminating
power and still provides an appropriate estimate of the
individuals risk.'® '" This led to the second assumption: that
considering binary variables does not significantly alter the
results.

Palazzo and Evans found an interaction between gender
and history of PONV.? This was also found in a cross-
validation between two centres but detailed analysis
revealed this effect to be negligible.'"' Because the other
studies'® '? did not find any other relevant interactions, the
third assumption is that an interaction (covariation) between
risk factors for PONV is negligible.

The discriminating power of a score was measured by the
area under the receiver operating characteristic (ROC)-
curve (AUC) as previously described.'® ' >~ 7 When the
average risk of PONV is 25% and the score results in a
probability of 25% for almost every patient, then it would be
impossible to discriminate individuals in that population
who will suffer from those who will not. If, in contrast, 75%
of the patients are predicted to have a relatively low risk
while the remaining 25% will be predicted with a relatively
high risk, then the score may predict PONV correctly in
most of the individuals, for example, with acceptable
discriminating power. Details on the calculation and
interpretation of the discriminating power—which con-
siders the relationship between sensitivity and specificity in
the ROC-curve—are described elsewhere.” *!

For practical reasons, an increase in the AUC of 0.025 per
additional risk factor is considered as clinically relevant.
This is roughly associated with a 5% higher sensitivity at a
specificity of 50%. As this modelling is based on virtual
populations, confidence intervals or calculations of P-values
are not appropriate.

Results

In population I, a single predictor model resulted in AUCs
of about 0.60. Female gender (AUC=0.64) had a greater
impact than non-smoking (AUC=0.57), history of motion
sickness or PONV (0.58) or post-operative opioids (0.60)
because of the high OR of 3.6 and the frequency or
approximately to 50% (Fig. 1). The four-predictor model
resulted in a clinically relevant higher AUC of 0.72 (Figs 1
and 2) which is similar to the average AUC of the cross-
validated scores from a previous publication."' When an
additional predictor (e.g. interaction between male gender
and MSPONVhist) is considered (Fig. 2, upper graph),
no clinically relevant improvement 1is noticeable
(AAUC<0.01).

When such a score is applied to the gynaecological
setting (population II) female gender did not contribute to
the discriminating power of the score (AUC=0.5).
Consideration of the other three predictors leads to an
AUC of 0.65 (Fig. 2, lower graph). However, further

predictors (e.g. laparoscopy with an OR of 2.3) did not
improve discriminating power significantly (AAUC<0.025,
Fig. 2).
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Fig 1 ROC-curve for the single predictor models and for the four-
predictor model. The single predictor model considered either female
gender, non-smoking, history of motion sickness or PONV and post-
operative opioids while the four-predictor model considered all predictors
simultaneously. Note, that the four-predictor model had a clinically
relevant larger AUC than any single predictor model.
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Fig 2 (Upper curve) AUC for population I, for example, when all
parameters were taken from a previous study.'" The interval indicated by
the vertical lines displays the range of the published AUC when four or
five predictors were applied to its original data set. (Lower curve) AUC
for population II, for example, when this score is applied to a
gynaecological setting. Note, that considering the additional predictor
such as ‘laparoscopy’ does not lead to a clinically relevant improvement.
The dotted lines indicate that the increase of the AUC per additional
predictor is less than 0.025. MS-PONV hist=history of motion sickness
or PONV. ROC-curve=receiver operating characteristic-curve.
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Fig 3 (Lower curve) AUC for population III, for example, all predictors
were assumed to have an OR of 2. (Upper curve) AUC for population
1V, for example, all predictors were assumed to have an odds ratio of 3.
Note, that a four-predictor model is much better than a single factor
prediction. However, from four or five factors onwards, the clinical
relevance becomes questionable as the increase of the area under the
curve per additional predictor becomes less than 0.025, as indicated by
the dotted lines. ROC-curve=receiver operating characteristic-curve.

The area of the ROC-curves for populations III and IV,
when 0-7 risk factors are considered, are depicted in Figure
3. Again, the improvement in discriminating power is most
obvious when the first predictor is introduced and decreases
with every additional factor. The data demonstrate that four
predictors are clearly superior to a single predictor model
(AAUC ~0.12) but the increase of the AUC with any further
risk factor becomes less than 0.025.

Discussion

This virtual population model appeared to allow centre
independent investigations to quantify the relative impact of
risk factors on the discriminating power of scores for
predicting PONV. It could be shown that the prediction with
several risk factors is superior to a prediction with a single
factor (e.g. female gender or the history of PONV) and
resulted in an AUC of ~0.72. This corresponds to a
sensitivity and specificity of about 75 and 50%, respect-
ively. Therefore, we recommend the use of one of the
simplified multifactorial models'® ' for an individual risk
assessment in daily practice. Further, these scores should be
used for group comparisons in antiemetic trials as the
impact of several non-significant risk factors may well add
up to a clinically significant different baseline risk.*?
Although, their predictive ability remain imperfect, the
suggested models (considering real and ideal parameters
from current data of the literature) give little reason to
assume that future models will lead to significantly better
predictions unless other risk factors with much higher ORs
are discovered and confirmed by several centres.

Population I, created from parameters of a previously
published population, resulted in a discriminating power, as
expressed by the area under the receiver operating charac-
teristic curve (AUC), of 0.72 when four predictors were
considered. This is in the range of 0.683-0.746 when a score
was applied to its original centre.'' As the discriminating
power of the risk scores is comparable when applied to the
virtual and the real population, we conclude that this model
is a good representative of reality. Although the character-
istics to create the virtual population were identical to the
real population, other underlying characteristics were of
course not considered. If, for example, a relatively strong,
up to now, undiscovered predictor was unevenly distributed
in the real but not in the virtual population, the discrimin-
ating power may have resulted in lower AUC in the real
compared with the virtual population. Thus, it was reassur-
ing that the AUC applied to the virtual population was in the
expected range. Further, it could be shown that female
gender as the sole predictor already has an AUC of 0.64, but
this can be improved to 0.72, when three additional
predictors are considered. However, any further predictor,
such as an interaction between male gender and
MSPONVhist, did not lead to a significant improvement
(AAUC <0.025). For clinical purposes a score needs to be
easy applicable and as addition of further risk factors may
complicate calculations for little improvement in risk
assessment, the benefit of introducing a further predictor
needs to be justified.

To investigate the potential impact of a different study
setting on the discriminating power of a score, we
constructed the most extreme deviation from the original,
which is a gynaecological setting. This would eliminate the
benefit of the strongest predictor (population II). The
discriminating power with the remaining three predictors
was 0.65. This lower discrimination was to be expected. It is
noteworthy that in an investigation of a very homogeneous
population, for example, all patients are female non-
smokers with MSPONVhist undergoing procedures, which
most likely will require post-operative opioids, a score
based on those predictors will probably calculate for every
patient a risk of 79%."" As all patients will have the same
risk, the score will not be able to discriminate between
expected vomiters or non-vomiters, for example, AUC will
be 0.5. This does not necessarily mean that the score is
useless in that setting as it may still indicate that all these
patients have a very high risk for PONV, which could justify
the use of prophylactic antiemetics. This example demon-
strates that the discriminating power of a scoring system
may be affected by the investigated population and that the
calibration curve is another important descriptor which can
not be analysed with this model. In this respect, some
validation studies may be needed to provide acceptable
calibration curves in other centres. Interestingly, the risk
models which have been validated from other centres'® !!
were independent of the type of operation as its relative
impact was negligible. To the best of our knowledge, there
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seem to be only two valid studies in which the type of
operation led to statistically significant OR in multivariate
analyses.13 16 However, their results are controversial and a
score considering the operation did not lead to a better
prediction compared with the previously described oper-
ation-independent model."* Although there is little evidence
supporting the widespread notion that the type of surgery is
a strong risk factor, we tested this hypothesis. Given that
25% of gynaecological patients will undergo laparoscopic
surgery with an OR of 2.3,'° this improvement of about 0.02
led to an AUC of 0.67 which does not appear to be clinically
relevant.

The best results can be expected if the frequency of
PONYV is 50% and if the frequencies of the predictors are
also 50%. As pointed out, the overall OR can at best be
assumed to be in the range of 2-3."0 ' 16 17 Thege
assumptions were considered in the virtual populations III
and IV and resulted in AUCs in the range of 0.72 up to 0.8
which support the previously established models reporting
AUCs between 0.71'° and 0.78"” in real populations. Again,
further inclusion of more than four or five risk factors does
not lead to a clinically relevant increase in the discrimin-
ating power in the population models as found by
Koivuranta and coworkers who reported an AUC of 0.721
in an eight factors and 0.710 in a five factor model.

Creating a virtual population led to practically identical
results to those reported from real populations. The
discriminating power of risk scores for predicting PONV
can at best be expected to be in the range of 0.7-0.8 which
means that the discrimination of individuals who will suffer
from those who will not is still imperfect and will not
significantly improve with further predictors. Unless there is
consistent evidence that other predictors with a much
stronger impact do exist, it is unlikely that future risk scores
will provide a significantly better prediction for PONV.
Thus, for the time being, it may be ethically questionable to
develop new risk scores based on a large number of patients
known to be at high risk who would be deprived of an
effective prophylactic antiemetic strategy.

Appendix

Creation of the virtual population

For each predictor the coefficients were calculated by taking
the logarithm of the OR. Up to seven predictors were
considered in a model so that 2’=128 combinations are
possible.

The conditioned frequency of a combination was calcu-
lated from the product of the single frequencies of the
predictors. The value was multiplied by 100 and the integer
was taken. This results in the number of patients in that
combination which is a proportional representation of that
combination in the population.

The conditioned probability of PONV (Pponv,) for that
combination was calculated by the sum of the coefficients

according to the presence of the predictors and submitted to
a logit transformation Ppony,=1/(1+e~ " & coddficients))

The number of patients with PONV was derived from the
number of patients in that combination multiplied by the
conditioned probability.

All patients in that combination were added (=total
number of patients=population). All patients with PONV
were added and divided by the total number of patients
(=incidence of PONV). A constant was fitted into the
calculation of the conditioned probability of PONV until the
aimed incidence of PONV was reached (regression pro-
cess).
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