
Prediction Models and Decision Support:
Chances and Challenges



© 2015 Teus Kappen

ISBN/EAN: 978-90-393-6314-0

University Medical Center Utrecht, The Netherlands
thesis, with a summary in Dutch

title: Prediction Models and Decision Support: Chances and Challenges
Dutch title: Klinische Voorspelmodellen en Beslissingsondersteuning: Kansen en Uitdagingen

cover & chapter page design by studio ilse van klei / www.ilsevanklei.nl
printed by drukkerij wihabo / www.wihabo.nl

We gratefully acknowledge the financial support by the Netherlands Organisation for Health Research 
and Development (ZonMW, project number 945–16–202).

Further financial support by the Division of Anesthesiology, Intensive Care and Emergency Medicine 
and the Julius Center for Health Sciences and Primary Care of the University Medical Center Utrecht.



Prediction Models and Decision Support:
Chances and Challenges

Klinische Voorspelmodellen en Beslissingsondersteuning: Kansen en Uitdagingen
(met een samenvatting in het Nederlands)

Proefschrift

ter verkrijging van de graad van doctor aan de Universiteit Utrecht op gezag van de rector 
magnificus, prof.dr. G.J. van der Zwaan, ingevolge het besluit van het college voor promoties 
in het openbaar te verdedigen op dinsdag 12 mei 2015 des middags te 4.15 uur

door

Teus Hubertus Kappen
geboren op 19 juli 1981 te Berlicum



Promotoren: Prof. Dr. C.J. Kalkman
 Prof. Dr. K.G.M. Moons
 Prof. Dr. W.A. van Klei
Copromotor: Dr. Y. Vergouwe



table of contents

1 Introduction 7

2 Adaptation of Clinical Prediction Models for Application in Local Settings 15

3 Impact of Risk Assessments on Prophylactic Antiemetic Prescription and 
the Incidence of Postoperative Nausea and Vomiting: a Cluster-Randomized Trial 31

4 How Clinical Prediction Models Impact Decision Making by Physicians: 
an Example Study 53

5 Impact of Adding Therapeutic Recommendations to Risk Assessments 
from a Prediction Model for Postoperative Nausea and Vomiting 71

6 General Discussion I: Evaluating the Impact of the Use of Prediction 
Models in Clinical Practice: Challenges and Recommendations 89

7 General Discussion II: Decision Support in the Context of a Complex 
Decision Situation 105

8 Appendix: Additional Methods and Results of Chapter 4 121

Summary  145

Samenvatting 150

Credits 155

Curriculum Vitae 159





Introduction



W hen visiting a doctor with signs and symptoms, people who feel ill often want to 
know which disease they have, i.e. their diagnosis. Second, they want to know 
what the course of their disease will be when they choose treatment and when 

they choose for no treatment – in other words, they want to know their prognosis. Diagnosis 
and prognosis are therefore key elements in medical decision making. A patient’s diagnosis 
determines which interventions are potentially available to treat the disease. The patient’s 
prognosis justifies the actual use of those interventions, weighing the possible benefits of any 
intervention against its possible harms. When a patient presents with signs and symptoms, 
choosing the most appropriate next step requires predicting the most likely diagnosis and 
prognosis. At the heart of medical decision making, physicians consider many combinations of 
patient and disease characteristics – or predictors – instead of relying on a single characteristic.1

prediction models
Prediction models are tools that objectively combine these multiple predictors to aid physicians 
in making individualized diagnostic and prognostic predictions and to facilitate risk-tailored 
decision making. Examples of such prediction tools are the Framingham Risk Score for cardiac 
events, the Ottawa Ankle Rules, and the EuroScore for cardiac surgery risk.2–4 Multiple predictors 
are combined into a mathematical model that can be used to predict a diagnostic probability 
of a current disease state or a prognostic risk of a future disease state.5,6 In a prediction 
model development study, patient data is used to select the optimal set of predictors and 
estimate their relative weights.7 As the model is made to optimally fit the patient data from 
the development study, its ability to predict the probabilities or risks of new patients has to 
be verified in an external validation study.8,9

The ability to predict a diagnosis or prognosis in new patients is only a first step towards its 
actual aim. Even a good predictive performance does not guarantee that the prediction model 
has value to the clinical judgment of the physicians.10–12 Whether presenting the predictions 
of a mathematical model to physicians and patients will improve both decision making and 
patient outcome may be assessed in so-called ‘prediction model impact studies’.13,14 In such 
impact studies, the predictions of individual patients are presented to a group of physicians, 
and their decision making is compared to a group of physicians to whom the predictions are 
not presented. Although a change in decision making guided by the predictions is required 
to change any subsequent health outcomes in patients, the ultimate goal of the use of 
prediction models is to show that their use indeed improves patient outcomes. Therefore 
it is quite remarkable that a lot of prediction models are being developed, much less are 
externally validated, and only a few are studied for their impact on decision making – let 
alone on patient outcome.13,14

clinical decision support
As a prediction model is a mathematical formula, it at least requires an interface to commu-
nicate its predictions to physicians and patients. This may vary from risk scores that are 
easy to remember, via paper-based scoring systems, to electronic systems also known as 
clinical decision support systems or tools. With the increasing availability of computers and 
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the emergence of electronic patient records, clinical decision support tools have become an 
appealing format for prediction models. The advantages of an electronic system are abundant: 
e.g. model calculations require little effort from physicians, additional information may be 
presented with the model predictions, and several decisional aspects related to these model 
predictions may be easily integrated into a single system.15,16 There is now ample evidence 
that clinical decision support changes decision making.15,17

However, similar to prediction models, the claim that clinical decision support improves 
patient outcome remains unsubstantiated.17–20 The gap between the effects on decision 
making and the effects on patient outcome has resulted in various studies that provide 
many recommendations to improve the uptake and the effectiveness of prediction models 
and clinical decision support tools.15,16,19,21–24 Recommendations vary from governance, logis-
tics, training and support, to the design features of the decision support tool. One of such 
design factors is the addition of therapeutic recommendations to the model predictions 
(directive implementation format) instead of presenting the model predictions alone (assistive 
implementation format).11,15,25,26 Nonetheless, most of the scientific evidence for recommending 
a directive prediction model format is derived from systematic reviews in which studies with and 
without specific recommendations were compared for their rate of successful implementation. 
Such systematic reviews do not provide a direct comparison of an assistive and a directive 
format for a single prediction model or decision support tool within a single population, 
and may therefore be subject to bias or generalizability issues. Variations in the design of a 
single prediction model or decision support tool should thus be compared in a more direct 
manner, to improve our understanding of the gap between the effects of prediction models 
on decision making and patient outcome.

case example: postoperative nausea and vomiting
In this thesis the implementation of a prediction model for postoperative nausea and vomiting 
(ponV) is discussed as an example of a prediction model impact study on physician decision 
making and actual patient outcomes. ponV is considered an undesirable outcome. For patients 
undergoing surgery, ponV is very unpleasant. Since ponV does not cause permanent damage 
or death, but affects – on average – 30% of patients after general anesthesia,27–29 it is known 
as the ‘big little problem’.30 Specific antiemetic drugs with a well-established efficacy can be 
administered during anesthesia to prevent ponV, a practice known as ‘ponV prophylaxis’.31,32 
Previously developed and validated prediction models are available to assess individual ponV 
risks.33–35 As predicted risk-tailored prophylaxis for ponV is recommended by several guide-
lines, the conditions were set to use ponV as an example to study the impact of a prediction 
model in clinical practice.28,36
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objectives of this thesis
The main objective of this thesis is to study how the effects of the use of a prediction model 
in clinical practice are achieved. This was studied at four levels:

 » The decision making of physicians: the risk-tailored administration of ponV prophylaxis
 » Patient outcome: a possible decrease in the incidence of ponV
 » Clinical decision support: features of the decision support tool that determine the 

prediction model and decision support tool effectiveness, in particular using an assistive 
format (without recommendation) versus a directive format (including recommendation)

 » The design and analysis of impact studies

outline of this thesis
Before the prediction model for ponV – that was studied in this thesis – was implemented in 
the anesthesia practice of a large academic hospital in the Netherlands, the prediction model 
was first validated. Subsequently, the model was updated – or tailored – to the setting in 
which it was tested for its impact, to ensure an optimal predictive model performance in that 
local setting (chapter 2). In a cluster-randomized trial of over 12,000 patients, the prediction 
model for ponV was then implemented and studied for its effects on clinical practice. At the 
start of anesthesia, physicians who were randomized to the intervention group were ‘exposed’ 
to model-based risk predictions of ponV for their individual patients without a corresponding 
recommendation (assistive format). The decision making of physicians and patient outcomes 
in the intervention group were compared to that of the ‘care-as-usual’ control group – i.e. the 
unexposed physicians and their patients (chapter 3). At the end of the cluster-randomized trial, 
the participating physicians were interviewed and surveyed to understand how the model’s 
risk predictions were perceived by the physicians, and how the predictions influenced their 
decision making (chapter 4). In a prospective before-after study, the prediction model was 
again implemented, yet this time using a directive format – i.e. the risk predictions included 
corresponding therapeutic recommendations (chapter 5). The lessons that were learned from 
studying the implementation of a prediction model were summarized into recommendations 
for the design of future impact studies on prediction models (chapter 6). The final chapter 
provides a general discussion of this thesis, put into the perspective of making decisions in 
complex decision situations (chapter 7). 
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abstract
Background: When planning to use a validated prediction model in new patients, adequate 
performance is not guaranteed. For example, changes in clinical practice over time or a different 
case mix than the original validation population may result in inaccurate risk predictions.

Objective: To demonstrate how clinical information can direct updating a prediction model 
and development of a strategy for handling missing predictor values in clinical practice.

Methods: A previously derived and validated prediction model for postoperative nausea 
and vomiting was updated using a dataset of 1,847 patients. The update consisted of: 
1) changing the definition of an existing predictor; 2) re-estimating the regression coefficient 
of a predictor; 3) adding a new predictor to the model. The updated model was then validated 
in a new series of 3,822 patients. Furthermore, we considered several imputation models 
to handle real-time missing values, in order to anticipate on possible missings in predictor 
values during actual model use.

Results: Differences in clinical practice between our local population and the original deriva-
tion population guided the update strategy of the prediction model. The predictive accuracy 
of the updated model was better (c-statistic 0.68; calibration slope 1.0) compared to the 
original model (c-statistic 0.62; calibration slope 0.57). Inclusion of logistical variables in the 
imputation models, besides observed patient characteristics, contributed to a strategy to 
deal with missing predictor values at the time of risk calculation.

Conclusions: Extensive knowledge of local, clinical processes provides crucial information 
to guide the process of adapting a prediction model to new clinical practices.
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P rediction models allow clinicians to estimate a patient’s prognosis, or a patient’s prob-
ability of having a particular diagnosis.1,2 Clinicians are increasingly using prediction 
models in clinical practice to guide their decision making. Prior to its use, clinicians 

should decide whether the model will provide accurate predictions for their patients.1,3–5

At least two possible scenarios should be considered. First, the local population may differ 
from the derivation population or the model is no longer up to date with current scientific 
knowledge. Using the original prediction model without an adaptation to local circumstances 
may render inaccurate predictions in the new patients. Second, predictor values may be 
missing when the model is actually being used to calculate risks (real-time missings). For 
example, the test or device to assess a predictor’s value is not available. Simply leaving the 
predictor out of the model will lead to inaccurate predictions.

In recent methodological literature, strategies have been developed to update an existing 
prediction model to overcome differences between the derivation and local populations.6,7 
Update techniques aim to improve the performance of the original model in new patients by 
using additional patient information of the local population. The information that is already 
available in the original model is retained rather than discarded.8 Knowledge on differences 
in case mix or changes in clinical practice over time may allow for specific adjustments to a 
subset of predictors, in addition to an overall adjustment to the original model.

Further, strategies have been reported to handle real-time missing predictor data when 
a prediction model is used in new patients.9 Recently suggested methods to handle real-time 
missing predictor data are mostly based on statistical techniques. Clinicians – or other health 
care workers – may be aware of specific reasons why predictor data are missing. For example, 
logistics can cause missing values when a predictor’s value is only available in a paper based 
format, while the predicted risk is automatically being calculated by an electronic decision 
support system. Consequently, this local, external information may be combined with statistical 
techniques to provide accurate estimates of missing predictor values in the local population.

This case-study demonstrates how we used insight in recent developments and local 
circumstances to optimize a model for predicting postoperative nausea and vomiting (ponV), 
before using the model in our clinical practice. Specific antiemetic drugs can be adminis-
tered during anesthesia to prevent ponV, a practice known as ‘ponV prophylaxis’.10 For high 
risk patients, several antiemetic drugs need to be combined to effectively prevent ponV. A 
prediction model might enable clinicians to apply a risk-tailored approach for ponV prophy-
laxis and prevent unnecessary costs and possible side effects, in contrast to administering 
multiple drugs to all patients.11–13

methods
the original PONV prediction model
Previously, a prediction model for ponV occurrence within 24 hours of surgery was derived 
and internally validated.14 Data of 1,389 inpatients were used, who were scheduled for 
elective surgery between 1997 and 1999 in the Academic Medical Center Amsterdam, The 
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Netherlands (hereafter referred to as derivation dataset). All patients had participated in 
a randomized trial on differences in ponV incidence after either intravenous or inhalational 
general anesthesia.15 The model is shown in Table 2.1, left column. Initially, 7 categories were 
used to describe data on type of surgery: superficial, laparoscopic, upper abdominal, lower 
abdominal, strabismus, middle ear, and other. As the risk of ponV was significantly higher 
for lower abdominal surgery and middle ear surgery compared to all other categories in the 
derivation dataset, both were combined into high risk surgery versus all other types of surgery.

updating the PONV prediction model
clinical considerations
The decision to update the original model was based on three clinical considerations. First, we 
compared the predictors in the model with the latest reported evidence on important ponV 
predictors. Second, we considered possible changes in anesthesia practice since the model 
derivation. Third, we considered possible differences in case mix between the derivation 
dataset and our local patients.

 According to recent literature, upper abdominal and laparoscopic surgery are procedures 
that have a risk of ponV similar to lower abdominal surgery, as all three types of procedures 
are forms of abdominal surgery.16,17 Upper abdominal and laparoscopic surgery were not 
included in the original model, because of small numbers in the derivation dataset. Hence, 
we decided to change the definition of the predictor high risk surgery into ‘middle ear surgery 
or any type of abdominal surgery’.

Table 2.1 Regression coefficients for predictors and intercept of the original prediction 
model, the updated prediction model, and the new prediction model

Predictor Original model Updated model
Newly developed 

model

Age (years) –0.022 –0.017 –0.010
Female gender 0.46 0.36 0.63
Current smoking –0.63 –0.50 –0.068
History of ponV or motion sickness 0.76 0.60 0.85
Lower abdominal or middle ear surgery 0.61 – –
Abdominal or middle ear surgery* – 0.48 0.63
Isoflurane and/or nitrous oxide anesthesia† 0.72 – –
Inhalational anesthesia‡ – 0.35 0.33
Outpatient surgery – –1.16 –1.14
Intercept 0.15 0.12 –0.65

* In the updated model and newly developed model this predictor replaced ‘Lower abdominal or middle ear surgery’ 
from the original model. In the updated model and the newly developed model it included lower abdominal, upper 
abdominal, and laparoscopic surgery in addition to middle ear surgery

† As compared to intravenous anesthesia using propofol
‡ As compared to intravenous anesthesia using propofol. In the updated model and newly developed model this 

predictor replaced ‘Isoflurane and/or nitrous oxide anesthesia’ from the original mode
ponV = postoperative nausea and vomiting
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The derivation dataset included patients who had surgery in the middle to late 1990s. 
At that time, nitrous oxide was commonly used as an additive agent to ether derivatives for 
inhalational anesthesia. Both ether derivatives and nitrous oxide increase the risk of ponV. 
Currently, nitrous oxide is much less used in the Netherlands, in response to the discovery 
of several adverse effects including ponV.18 The main ether derivative of that time, isoflurane, 
is increasingly being replaced by new, shorter acting inhalational agents such as sevoflurane 
and desflurane, which are considered to cause less ponV.19 As predictive effects of inhala-
tional anesthesia could be different at the present time, we decided to include the changes in 
anesthesia practice in the definition of the predictor inhalational anesthesia and its regression 
coefficient in the model.

The original prediction model was derived on surgical inpatients only. In general, ponV is 
less common in outpatient procedures than in inpatient procedures. Consequently, the original 
ponV model was likely to overestimate the risk of ponV for outpatients. The lower incidence in 
outpatients is most likely the result of a lower case complexity. However, case complexity is a 
resultant of several characteristics, which individually are not necessarily predictors of ponV. 
Outpatient surgery may therefore serve as a proxy variable in which the predictive effects 
of several of these case characteristics are combined. Since outpatient surgery is currently 
routine practice in many hospitals including ours, we decided to extend the model with an 
additional predictor for outpatient surgery.

updating dataset
Using a prospective cohort design, we consecutively included 1,847 elective surgical patients 
who were operated from June to December 2004 under general anesthesia at the University 
Medical Center Utrecht, The Netherlands (referred to as update dataset). The study included 
adult inpatients (n = 1,203) and outpatients (n = 644). All predictor variables of the original 
model and the outcome variable ponV within 24 hours were recorded similar to the data 
collection of the derivation dataset.

update methods
The original prediction model was updated with logistic regression analysis. For every patient 
in the update dataset, the linear predictor ( 0lp ) was calculated based on the six regression 
coefficients ( iβ ) of the original model and the corresponding predictor values ( ix ) of that 
case ( 6622110 ... xxxlp βββα ++++= ) (see Table 2.1 for predictor variables). According to 
clinical considerations as described above, the model was updated using recently proposed 
methods.6,7 According to recent literature, upper abdominal and laparoscopic surgery would 
have similar predictive effects of ponV to lower abdominal surgery. Consequently, we assumed 
that the change in definition of high risk surgery would have the same regression coefficient 
as compared to the old definition. In contrast, the change in definition of inhalational anes-
thesia was expected to lower its regression coefficient. Therefore, the model was revised for 
inhalational anesthesia ( alinhalationx ). To include outpatient surgery, the model was extended 
with an additional predictor ( outpatx ). The intercept (α ) and slope ( overallβ ) were estimated 
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to incorporate the overall effect of the new data. This resulted in the updated model with 
linear predictor ( 1lp ):

outpatoutpatalinhalationalinhalationoverall xxlplp βγβα +++= 01  (1)

In formula (1), alinhalationγ  represents the deviation from the recalibrated regression coefficient 
for inhalational anesthesia, and outpatβ  represents the regression coefficient for the extra 
predictor outpatient surgery (yes / no). All regression coefficients of the original model were 
multiplied by overallβ  to result in the updated (recalibrated) regression coefficient. In addition, 

alinhalationγ  was added to the recalibrated regression coefficient of inhalational anesthesia to 
result in its final regression coefficient in the updated model.

For comparison purposes, a new model was developed from the update dataset using the 
same predictor variables as the updated model. However, the regression coefficients for the 
newly developed model were estimated directly from the update dataset and did not include 
any information from the original dataset. Consequently, the regression coefficients of the 
newly developed model represented the ‘closest fit’ to the update dataset. The new model 
was used to evaluate the success of adaptation of the updated model to the local setting.

Multiple imputation was used to impute missing data within the update dataset 
(aregImpute from the Hmisc package of R and S-plus software). Regression coefficients of 
formula 1 and regression coefficients of the newly developed model were estimated in 10 
completed datasets and averaged.20–22

validation of updated model
In the next phase, the updated model and the newly developed model were externally validated 
in a third cohort of 3,822 elective surgical in- and outpatients, prospectively collected between 
March 2006 and February 2007 at the University Medical Center Utrecht, The Netherlands 
(referred to as external validation dataset). Following multiple imputation of missing data, ROC 
curves were plotted to compare the predictive performance of all models within the external 
validation dataset. Discrimination was further assessed with the c-statistic.23–25 Calibration 
within the external validation dataset was assessed with calibration intercept and slope.

handling of real-time missing predictors
When either the updated model or the newly developed model will be used in our local popu-
lation, various predictor values are likely to be missing on occasion. Similar to dealing with 
missing values when analyzing the data of a conducted study, missing predictor values should 
also be dealt with during model application – i.e. in real-time. We developed an imputation 
strategy that can be used to estimate missing predictor values when applying the prediction 
model in practice. The strategy contained various imputation models.

At the start of a procedure, i.e. the moment of risk calculation, the predictors age, gender, 
inhalational anesthesia, and outpatient surgery are always available from the electronic patient 
record and will never be missing. We derived imputation models for the predictors high risk 
surgery, smoking status, and history of ponV or motion sickness using data from the update 
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dataset. Although the planned surgical procedure is always known at the start of the procedure, 
the fact whether it is a high risk surgery or not requires some additional recoding in order 
to use it as a predictor in an electronic decision support system. When the information has 
not yet been recoded at the moment of risk calculation – causing ‘high risk surgery’ to be 
missing – the observed values of other predictors alone may not be informative enough to 
impute missing values on ‘high risk surgery’. Two process variables, which indicate the nature 
of the surgical procedure and which are always electronically available at the start of the 
procedure, were therefore added: surgical specialty of the treating clinician and operating 
room location. Surgical specialty provides valuable information whether high risk surgery is 
being performed. For example, gynecologists often perform abdominal surgical procedures, 
while ophthalmologists never perform abdominal or middle ear procedures. Consequently, 
a surgical specialty is considered a risk specialty if either abdominal or middle ear surgery is 
included in the regular scope of procedures of that specialty.

When surgical specialty is missing as well, the probability of a surgical specialty performing 
high risk surgery will be estimated from the particular operating room. Surgical specialties are 
mostly restricted to one or two specific operating rooms. Over 50,000 electronic patient 
records on procedures in the four years preceding the study were used to determine if an 
operation room should be considered to accommodate surgical specialties which perform high 
risk surgery. Subsequently, either the surgical specialty or the probability of a surgical specialty 
which performs high risk surgery was included into the imputation model for high ponV risk 
surgery, in addition to the available predictors. The ability to predict surgical specialty from 
the location of the operating room was assessed from the external validation dataset using 
the c-statistic, and the calibration intercept and slope.

The imputation strategy as a whole was validated in cases with completed outcome data 
of the external validation dataset. The three predictors, high risk surgery, smoking status, 
and history of ponV or motion sickness were imputed. The ponV risk was calculated with 
the imputed values for all three predictors. The performance of the updated model using 
our imputation strategy was compared to the performance of the updated model using two 
alternative strategies to dealing with real-time missing predictors: overall mean imputation 
(impute the dataset incidence for each predictor value) and ignoring the missing predictor 
(set predictor value to zero). Reclassification of the imputation strategy in comparison to overall 
mean imputation was expressed as a category-free net reclassification improvement (NRI (>0)) 
with bootstrapped 95% confidence intervals (boot package of R and S-plus software).26,27

results
update of the prediction model
The calibration slope ( overallβ ) of the original model was 0.79, with an intercept adjustment (α ) 
of –0.03 (see formula 1). The regression coefficient correction for inhalational anesthesia 
( alinhalationγ ) was –0.22. As a consequence, the new regression coefficient for inhalational 
anesthesia was 0.35 ( 22.072.0*79.0 − , Table 2.1, right column). The additional reduction of 
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the predictive effect was expected, since newer inhalational agents and the less frequent use 
of nitrous oxide had reduced the incidence of ponV. Outpatient surgery was less frequently 
related to ponV than inpatient surgery, as expressed by a regression coefficient of –1.16 ( outpatβ ).

The distributions of the patient characteristics in the update dataset and the external 
validation dataset were similar for most variables (Table 2.2). Patients from the update dataset 
were slightly younger of age (mean: 47 years vs. 50 years), received more often inhalational 
anesthesia (61% vs. 52%), and underwent more often outpatient surgery (35% vs. 24%) 
compared to patients from the external validation dataset. Predictor values in the update 
dataset were missing in 23% of the cases for history of ponV, in 18% for motion sickness, 
and in 1% for current smoking. For the external validation dataset missings occurred in 
30% of the cases for history of ponV, in 29% for motion sickness, in 7% for type of surgery, 
and in 4% for current smoking. Patients from the update dataset suffered less frequently 
from ponV (35% vs. 47%), which is probably the result of the higher number of outpatients 
in the update dataset. Outcomes were missing in 6% of the cases in the update dataset 
and in 25% of the cases in the external validation dataset. The larger percentage of missing 
outcomes in the external validation dataset was caused by a technical problem in (the logistics 
of) the data collection.

In the external validation dataset, discrimination was very similar for the updated model 
and the newly developed model, and lower for the original model (Figure 2.1). Application of 
the updated model in the patients of the external validation dataset resulted in a c-statistic of 
0.68 (95% CI 0.66 – 0.70) and a calibration slope of 1.00 (95% CI 0.89 – 1.10) with a calibra-
tion intercept of 0.34. When applying the newly developed model in the external validation 
dataset, the model had a c-statistic of 0.68 (95% CI 0.67 – 0.70) and a calibration slope of 
0.89 (95% CI 0.80 – 0.99) with a calibration intercept of 0.29. For comparison purposes: the 
c-statistic of the original model in the external validation set was 0.62 (95% CI 0.60 – 0.64) 
and the calibration slope 0.57 (95% CI 0.48 – 0.66).

Table 2.2 Patient and procedural characteristics of the update dataset and the external 
validation dataset

Update dataset External validation 
dataset

(n = 1847) (n = 3822)
Age*, years, mean (sD) 47 (16) 50 (17)
Female sex, n (%) 1023 (55) 2059 (54)
Current smoking, n (%) 595 (32) 1145 (31)
History of ponV, n (%) 452 (25) 737 (28)
Motion sickness, n (%) 182 (10) 234 (9)
Use of inhalational anesthesia, n (%) 292 (16) 546 (15)
Outpatient surgery, n (%) 1126 (61) 1971 (52)
ponV occurrence within 24h, n (%) 644 (35) 928 (24)

sD = standard deviation; ponV = postoperative nausea and vomiting
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handling of real-time missing predictors
The imputation strategy incorporated three imputation models: one model for high risk surgery, 
one for smoking status, and one for history of ponV or motion sickness (Figure 2.2). First, high 
risk surgery was imputed, based on observed predictors and additional process variables. 
As a consequence, the additional information was indirectly incorporated in the imputation 
of missing values on smoking status and history of ponV or motion sickness. The value of 
high risk surgery was imputed with a logistic regression model that included age, gender, 
outpatient surgery, and surgical specialty as variables. When surgical specialty was unavail-
able, it was estimated from the location of the particular operating room, with a c-statistic of 
0.96 (95% CI 0.95 – 0.96), a calibration slope of 1.03 (95% CI 0.97 – 1.10), and a calibration 
intercept of 0.68. Subsequently, missings on smoking status and history of ponV or motion 
sickness were estimated with imputation models that included the variable high risk surgery, 
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in addition to age, gender, and outpatient surgery. The predictor inhalational anesthesia was 
not included in any of the imputation models, as a physician generally decides on the type of 
anesthesia after calculation of the ponV risk. Regression coefficients of the imputation models are 
not presented, as they reflect the local situation of our hospital. Using the imputation strategy, 
the updated model showed a c-statistic of 0.67 (95% CI 0.65 – 0.69), and a calibration slope 
of 1.00 (95% CI 0.86 – 1.13) with a calibration intercept of 0.54. For the other two strategies 
the c-statistic (0.65; 95% CI 0.63 – 0.67) and calibration slope (0.98; 95% CI 0.84 – 1.13) 
were slightly lower, with a small difference in calibration intercept (0.54 for overall mean 
imputation versus 0.65 for ignoring predictor). In comparison to overall mean imputation, 
the total NRI (>0) for the imputation strategy was 44% (95% CI 37 – 51%), with 33% within 
patients with ponV and 11% within patients without ponV. With the imputation strategy ready, 
the updated ponV prediction rule was further optimized for future use in our hospital.
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discussion
This study demonstrates the great value of information on the local patient population and 
local clinical practice, at the time that a prediction model is going to be used in that practice. 
Additionally, potential users of clinical prediction models do not only need to consider possible 
differences between the derivation population and the local population in terms of case mix, 
but also newly published evidence that is relevant to their patient population and changes 
in clinical practice over time. We used local information and scientific knowledge to adapt a 
prediction model to our local setting, i.e. extending the definition of one of the predictors; 
adjusting the predictive effects; and adding a new predictor. The updated prediction model 
showed much better predictive performance in an external validation dataset as compared 
to the original model. A newly developed model, i.e. without incorporating information of the 
original model, showed similar discrimination in the external validation dataset as the updated 
model, but calibration was not as good as the updated model. Further, information on local 
logistics was used for the development of a real-time imputation strategy when predictor 
values are missing in clinical practice.

When we considered using a prediction model for ponV in our clinical practice, we encountered 
three situations that required adjustment of the original prediction model. First, we extended 
the definition of one predictor, as we expected that the scope of the predictor would be 
different in our local population compared to the derivation population. We left the predictive 
effect of the predictor unchanged. In our example, two types of abdominal procedures were 
known from literature to be important risk procedures, with ponV risks similar to procedures 
of the original index category of the predictor high risk surgery. Due to an absent association 
in the derivation dataset, the two procedures had not been included in the original index 
category. As literature considered the additional procedures to be high risk procedures, we 
extended the definition of high risk surgery without re-estimating its regression coefficient.

Second, the effect of a predictor was expected to be different for our local population 
than for the derivation population.5–8 New inhalational anesthetics had become available 
since the derivation of the original prediction model. Consequently, the original estimate 
of the predictor effect would no longer be appropriate, resulting in incorrect risk estimates 
in our patients. We updated the original regression coefficient of the predictor inhalational 
anesthesia to include the new inhalational agents into the definition of the predictor.

Third, as our local population included an additional subset of patients at a lower risk of 
ponV (outpatients), a new predictor was added to the prediction model. We assumed that the 
new predictor did not disturb proportionality between regression coefficients of the original 
predictors. The additional predictor enabled us not only to use the prediction model for our 
inpatient procedures, but also for our outpatient procedures.

Real-time missings of predictor data are likely to be an issue during actual use of any 
prediction model in daily practice.9 Relying solely on observed predictor values to estimate 
the missing predictor values will probably not render the best predictions for those patients. 
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Clinicians – or other health care workers – may be aware of variables which might serve as 
proxy for the missing predictor. In our study, logistics were expected to cause missing values 
for the predictor high risk surgery. Our strategy for real-time imputation of missing predictors 
prevented a drop of 0.02 in the c-statistic (0.67 vs. 0.65), as compared to overall mean 
imputation and ignoring the predictor. This 0.02 drop in c-statistic may be considered a 
relevant decrease in the accuracy of predicted risks of individual patients, since the c-statistic 
is relatively insensitive. The high net reclassification improvement confirms this result.26,27 
Hence we believe that developing the imputation strategy was worth the effort, as it is likely 
that such a strategy improves ponV risk prediction by using ‘the best guess’ for that patient’s 
value using proxy surgery variables.9

The goal of updating the ponV prediction model was to adapt the original model to the current 
clinical practice of the anesthesia department in our hospital. We successfully adapted the 
model to our clinical practice, as was confirmed by the predictive performance of the updated 
model in the external validation sample. Discrimination of the updated model was similar to 
previous validation studies of (other) ponV prediction models (c-statistic of 0.68) and was better 
than discrimination of the original model (c-statistic of 0.62).28–30 Moreover, the calibration 
slope of the updated model was 1.00, whereas it was only 0.57 for the original model. The 
importance of a better calibrated model is reflected in the use of the model in clinical practice. 
Using a patient’s individual ponV risk as predicted by the prediction model, a clinician may 
decide to administer specific antiemetic drugs during the procedure which may reduce the 
risk of ponV. Each class of these antiemetic drugs reduces the risk by a relative 25 percent, 
with an additive effect for each additional class administered.10 It is important for clinicians 
to accurately know their patients’ individual ponV risks to weigh the benefit of administering 
one or more antiemetic drugs against possible side effects of the drugs. Unfortunately, the 
updated prediction model systematically underestimated the actual ponV risk in the external 
validation dataset (reflected by a calibration intercept of 0.34). An important reason for the 
systematic miscalibration is the difference in ponV incidence between the external validation 
dataset and the update dataset ( 50.0])65.0/35.0/[]53.0/47.0log([ =  on the log-odds scale). The 
calibration intercept of 0.34 is less than the 0.50 of the crude incidence difference on the 
log-odds scale. As the calibration intercept did not fully cover the crude incidence differ-
ence, the difference in ponV incidence was partly resolved by the predictors in the model 
(0.50 – 0.34 = 0.16 on the log-odds scale). Since it is easy to adjust for underestimation by 
adapting the model intercept,31,32 the updated model is preferred over the original model.

Although it might seem intuitive that a prediction model, specifically developed in a local 
setting, will perform better in the local population than an update or adjustment of an existing 
model to that local situation, the updated model might actually be preferred over a newly 
developed model because of improved generalizability.5–7 This is also reflected by our results. 
In new patients of the same institute (the external validation dataset) the updated model 
actually performed better than the newly developed model, notably in terms of calibration. 
A second indication of improved generalizability of the updated model over the newly devel-
oped model can be observed from the absence of a predictive effect in the new dataset for 
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‘current smoking’. As current smoking is a consistent predictor of ponV throughout literature,12 
the absence of a predictive effect of current smoking seems implausible.

This case-study is an example of how a prediction model can be adapted to local circum-
stances. One limitation is that the required adaptations will not be the same for all prediction 
models and clinical settings. For example, differences in case mix may specifically occur 
between derivation and local populations, whereas all prediction models will be subject to 
some degree of change in clinical practice over time. Second, this study does not provide an 
exhaustive summary of all possible techniques to enhance updating of a prediction model or 
to handle missing predictor data when applying a prediction model in real-time. Alternative 
methods to handle real-time missing predictor data have recently been summarized.9 Third, 
we updated the ponV prediction model to derive accurate predictions for our own patients. 
We cannot conclude from this study whether use of the updated model in clinical practice 
will be successful. A formal impact study should be performed to evaluate the effects of the 
prediction model on clinical practice and patient outcome.5,33,34 Finally, individual patient 
data were required to update the prediction model and to develop the imputation strategy. 
Owing to a previous study within our hospital, data were already available at the time we 
planned to use the model. Still, the update dataset was too small to develop imputation 
models for high risk surgery using the proxy variables, and required an additional dataset to 
estimate surgical specialty.

To conclude, the intention to use a prediction model in new patients should trigger researchers 
and clinicians to decide whether they indeed expect an accurate performance of the prediction 
model in their local population. In our example, we expected problems with generalization 
of the original prediction model to our patients, despite previous validations of the model. 
An update of the model proved most valuable to improve its performance in our current 
population, and a strategy to handle missing predictor data enabled us to actually use the 
model in clinical practice, even when a predictor value would be missing. As these problems 
with generalization and application of clinical prediction models are likely to be common, it 
is conceivable that any prediction model will need to be optimized before it is actually used 
in a new setting. When optimization is indeed required, a sufficiently large dataset from the 
local population should be readily available, or will have to be collected. Clinical insights 
into the lack of generalization will have to be combined with statistical methods to optimize 
a prediction model’s performance in future patients.
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abstract
Background: Clinical prediction models have been shown to have moderate sensitivity and 
specificity, yet their utility will depend on implementation in clinical practice. We hypothesized 
that implementation of a prediction model for postoperative nausea and vomiting (ponV) would 
lower the ponV incidence by stimulating anesthesiologists to administer more ‘risk-tailored’ 
prophylaxis to patients.

Methods: A single-center cluster-randomized trial was performed in 12,032 elective surgical 
patients receiving anesthesia from 79 anesthesiologists. Anesthesiologists were random-
ized to either exposure or non-exposure to automated risk calculations for ponV (without 
patient-specific recommendations on prophylactic antiemetics). Anesthesiologists who treated 
less than 50 enrolled patients were excluded during the analysis to avoid too small clusters, 
yielding 11,613 patients and 57 anesthesiologists (intervention group: 5,471 and 31; care-
as-usual group 6,142 and 26). The 24-hours incidence of ponV (primary outcome) and the 
number of prophylactic antiemetics administered per patient were studied for risk-dependent 
differences between allocation groups.

Results: There were no differences in ponV incidence between allocation groups (crude incidence 
intervention group 41%, care-as-usual group 43%; OR 0.97, 95% CI 0.87 – 1.1; risk-dependent 
OR 0.92, 95% CI 0.80 – 1.1). Nevertheless, intervention group anesthesiologists administered 
more prophylactic antiemetics (rate ratio 2.0, 95% CI 1.6 – 2.4) and more risk-tailored than 
care-as-usual group anesthesiologists (risk-dependent rate ratio 1.6, 95% CI 1.3 – 2.0).

Conclusions: Implementation of a ponV prediction model did not reduce the ponV incidence, 
despite increased antiemetic prescription in high-risk patients by anesthesiologists. Before 
implementing prediction models into clinical practice, implementation studies that include 
patient outcomes as an endpoint are needed. 
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T o support physicians in their decision making, clinical guidelines increasingly include 
prediction models or risk scores in their recommendations.1,2 The growing popularity of 
prediction models can be explained by their perceived objectivity in modeling complex 

interactions to predict a patient’s risk, in contrast to physicians’ clinical judgments, which are 
typically heuristic and harder to deconstruct. The effects of a prediction model on clinical 
processes and patient outcomes should be quantified in a so-called ‘impact analysis’, where 
the model is implemented in daily practice and compared to care-as-usual.3–6

Current guidelines on the management of postoperative nausea and vomiting (ponV) 
recommend risk-tailored, prophylactic treatment based on risk estimates from a prediction 
model, to prevent unnecessary costs and possible side effects, in contrast to administering 
multiple drugs to all patients.7,8 Although several ponV prediction models are available,9–12 their 
actual impact on clinical practice is still being questioned.13–15 Several studies demonstrated 
improved guideline adherence when a ponV prediction model was implemented, although 
their effect on clinical practice was limited.16–18 However, comparative randomized studies 
assessing the actual impact of risk-dependent prophylaxis on the incidence of ponV are 
rare. Without such studies one still cannot be confident that ponV prediction models will 
outperform clinical judgment and improve patient outcomes.

The current study was a cluster-randomized trial, in which we compared a group of 
physicians who were randomly ‘exposed’ to model-based risk estimates of ponV for their 
patients, to a control group of physicians who provided care-as-usual. We hypothesized that 
systematic implementation of a validated ponV prediction model would result in improved 
patient outcome by lowering the incidence of ponV, as a result of an increase in risk-tailored 
antiemetic prophylactic treatment by physicians. Hence, we also used the present experience 
to address advantages and disadvantages of such impact studies.

methods
design and participants
Between March 16, 2006 and December 21, 2007, a single-center, cluster-randomized trial 
was performed to study the effects of implementing a prediction model for ponV on the 
incidence of ponV and on the administration of antiemetic prophylaxis (clinicaltrials.gov; 
identifier nCt00293618). To prevent contamination and therefore dilution of the implemen-
tation effect, the study was cluster-randomized on the physician level rather than patient 
level.3,19,20 Anesthesiologists of a Dutch university hospital (University Medical Center (UMC) 
Utrecht) were randomly assigned to exposure to predicted risks of ponV as calculated by the 
prediction model (intervention group) or not (care-as-usual group).

All anesthesiologists and senior residents, henceforth referred to as ‘anesthesiologists’, 
were enrolled in the study and randomized by one of the authors. Case mixes among anes-
thesiologists were expected to differ due to differences in their professional profile, such 
as differences in experience level or anesthesia sub-specialties. Therefore, at the start of 
the study permuted-block randomization was used (block size according to the strata; 1:1 
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allocation ratio, using pass software) to stratify on anesthetic experience (senior resident, 
junior attending, senior attending) and anesthesia sub-specialty (no sub-specialty, cardiac 
anesthesia, pediatric anesthesia). Anesthesiologists could enter or leave the study due to 
initiation or termination of their employment. Anesthesiologists who entered after the start 
of the study were randomized only in a stratified way when a sufficiently large block was 
available, otherwise simple randomization was applied. Allocation sequences were gener-
ated by the second author (KGmm), who was not involved in patient care, and automatically 
assigned to the name of the anesthesiologist to ensure concealment. The generated list of 
the assignment of anesthesiologists was then given to the first author (tHK) who enrolled 
and informed the anesthesiologists.

All adult patients undergoing general anesthesia for elective, non-cardiac surgery who had 
visited the outpatient preoperative evaluation clinic were eligible for this study. For elective 
surgery 98% of patients typically visit the preanesthesia evaluation clinic prior to their 
procedure. Exclusion criteria were pregnancy, postoperative admission to the intensive care 
unit, overnight ventilation at the postanesthesia care unit, and inability to communicate in 
Dutch or English. At the start of the study, patients undergoing intracranial surgery were 
no longer transferred to the intensive care unit and did no longer require postoperative 
mechanical ventilation, in contrast to when the study protocol was written. Therefore, the 
exclusion criterion for intracranial surgery in the study protocol was changed to admission 
to the intensive care unit.

All eligible patients from the time of study initiation were automatically included using 
the anesthesia information management system. During the enrollment phase of the study it 
became apparent that some anesthesiologists would treat no or only a few patients. Conse-
quently, the number of patients for some anesthesiologists would be too small for an analysis 
with the anesthesiologists as clusters, for mixed effects regression models would not converge. 
Therefore, the study protocol was amended by excluding anesthesiologists from the analysis 
when they treated less than 50 enrolled patients during the entire study period to enable 
cluster-based analysis of the trial as it was originally planned.

According to Dutch law, research protocols that do not subject patients to a particular 
treatment or that require them to behave in a particular way, do not apply to the Medical 
Research Involving Human Subjects Act. As the decision support tool in our study protocol 
only provided evidence-based information to physicians, the institutional ethical review board 
waived the need for individual informed consent and approved the study protocol (Medical 
Ethics Review Board, UMC Utrecht, 05 – 288).

the prediction model
The implemented prediction model was originally developed in a population of a different 
university hospital in the Netherlands and had already been externally validated.21 The model 
was subsequently updated and optimized for implementation in the UMC Utrecht, where 
the present study took place.22 The model consisted of seven predictor variables: age; sex; 
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current smoking; type of surgery; inhalational anesthesia; ambulatory surgery; and history of 
motion sickness or ponV (for full model description see Table 3.1).

intervention
intervention group
To study the effect of systematically presenting the patient’s ponV risk to the responsible 
anesthesiologist, we implemented the prediction model as an ‘assistive’ decision support 
tool. The decision support tool was integrated into our custom-made anesthesia information 
management system (AnStat software, CarePoint Nederland BV, Ede, The Netherlands), 
written by one of the authors (LVW). In our hospital, the individual names of each anesthesia 
team member are registered in the anesthesia information management system at the start 
of the anesthetic case. When the anesthesiologist was part of the intervention group, the 
decision support tool presented the patient’s calculated ponV risk on the computer screen 
of the anesthesia information management system during the rest of the anesthetic case. 
Anesthesiologists then decided if, which and how many prophylactic antiemetics would be 
administered in view of the patient’s individual risk. The presented risk was thus not accom-
panied with a specific therapeutic recommendation.

Anesthesiologists of the intervention group were provided with several consecutive 
educational sessions before patient enrollment, at the start and throughout the study 
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Table 3.1 Regression coefficients of the PONV prediction model

Predictor Updated model

Odds Ratio (95% CI)
Age (years) 0.98 (0.98 – 0.99)
Female sex 1.44 (1.14 – 1.82)
Current smoking 0.61 (0.48 – 0.77)
History of ponV / motion sickness 1.82 (1.44 – 2.31)
Surgery with a high ponV risk* 1.62 (1.14 – 2.30)
Inhalational anesthesia† 1.42 (1.12 – 1.79)
Outpatient surgery 0.31 (0.24 – 0.41)
Intercept‡ 1.13 (0.73 – 1.74)

Model performance characteristics§

Model discrimination as C-statistic (95% CI) 0.68 (0.66 – 0.70)
Calibration slope (95% CI) 1.00 (0.89 – 1.10)
Calibration intercept 0.34

Probability of ponV as estimated by the model = 1 / (1 + exp (–(0.12 – 0.017 * age + 0.36 * female sex – 0.50 * current 
smoking + 0.60 * history of ponV or motion sickness + 0.48 * surgery with a high ponV risk + 0.35 * inhalational 
anesthesia – 1.16 * outpatient surgery)))
*  Definition of this predictor was ’abdominal or middle ear surgery’
† As compared to intravenous anesthesia using propofol
‡ For the intercept, the second column represents the baseline odds not the odds ratio
§ Model performance was validated in a subset of patients (between March 2006 and February 2007) treated by 

anesthesiologists of the care-as-usual group.22

CI = Confidence Interval; exp = exponential; ponV = postoperative nausea and vomiting



period. These sessions aimed to inform the intervention group about the study background, 
how the prediction model estimated a patient’s individual risk of ponV, and how the local 
protocol on antiemetic prophylaxis could be used according to that predicted risk. The local 
protocol was based on the six-factorial trial of Apfel and consisted of the dosage, timing 
and efficacy of prophylactic antiemetic drugs and the use of total intravenous anesthesia 
(see section Methods, Outcome and Follow-up, fifth paragraph).23 Although the efficacy of 
different antiemetics strategies was discussed during the educational sessions, there was no 
specific recommendation made on how many antiemetic interventions should be applied at 
a particular predicted ponV risk.

Anesthesiologists of the intervention group were informed of the allocation status of 
their colleagues to promote discussion among anesthesiologists of the intervention group 
on how to use the model and its predictions. They were instructed to avoid discussing ponV 
with anesthesiologists randomized to the care-as-usual group. To enable anesthesiologists of 
the intervention group to reflect on their individual prophylactic management of ponV, they 
received individualized feedback by email after the first twelve months of study, which had 
been planned prior to the start of the study. This included the incidence of ponV among the 
patients they had treated, the overall (hospital wide) incidence of ponV and the quantity of 
antiemetics administered.

care-as-usual group
Anesthesiologists of the care-as-usual group were not exposed to the patient’s calculated 
ponV risk. At the start of the study, they only were informed about the goal of the study and 
their randomization status. Although anesthesiologists of the care-as-usual group were not 
actively informed of the allocation status of their colleague physicians, additional masking 
was deemed impossible. As antiemetic management was not standardized in any of the two 
allocation groups, anesthesiologists of the care-as-usual group were simply asked to manage 
ponV as usual. At that time, the existing, local protocol for administration of ponV prophylaxis 
only included a preferable order for antiemetic drugs, their dosage and timing of administration 
(see section Methods, Outcome and Follow-up, fifth paragraph).

outcome and follow-up
As recommended in various guidelines of prediction-model impact studies,3,19 implementation 
of the prediction model was studied in two steps: the effects of the prediction model on 
patient outcome (the incidence of ponV) as the primary outcome, and the change in physician 
behavior (administration of risk-dependent ponV prophylaxis) caused by the prediction model 
as the secondary outcome. The other secondary outcomes as stated in the clinical trial regis-
tration – i.e. cost-effectiveness and attitudes of physicians towards prediction models – were 
considered to be beyond the scope of this article and will be discussed in subsequent papers.

The primary outcome ponV was defined as the occurrence of at least one of the following 
events within the first 24 hours after surgery: an episode of nausea, an episode of vomiting, 
or the administration of any rescue antiemetic. For nausea, the patient was asked to rate their 
feeling of nausea on a three-point verbal rating scale (no / yes, a bit / yes, definitely) and for the 
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analysis the variable was dichotomized to any nausea (no / yes). Vomiting was defined as the 
expulsion of gastric contents and was recorded as a binary outcome (no / yes). Research nurses 
collected data on the occurrence of postoperative nausea using a validated questionnaire.12,24

Data were collected at the postanesthesia care unit (30 min. and 60 min. after arrival, 
and when leaving the unit), and after 24 hours post-surgery on the ward, or by phone when 
patients had already been discharged. The outcome variable for ponV was coded as missing 
when any of the follow-up measurements had not been completed. Although research nurses 
were unlikely to be aware of a patient’s allocation status due to high patient volumes, active 
masking of allocation was deemed impossible and therefore not performed.

The change in physician behavior caused by the prediction model was defined as the 
difference in the rate of administration of ponV prophylaxis between study groups. The rate 
of administration of ponV prophylaxis was defined as the number of interventions that an 
anesthesiologist applied to a patient with the aim to prevent ponV, i.e. the number of prophy-
lactic antiemetics per patient. Administration of ondansetron, droperidol, dexamethasone, or a 
combination as well as selecting total intravenous anesthesia instead of inhalational anesthesia 
were considered as prophylactic antiemetics and their administration was recorded in the 
anesthesia information system.24

Dosage of prophylactic antiemetic drugs was according to the existing local protocol: 
1) ondansetron 4 mg IV, 30 min. before emergence of anesthesia; 2) droperidol 1.25 mg IV, 
30 min. before emergence of anesthesia; 3) dexamethasone 4 mg IV, after induction of 
anesthesia. At the postanesthesia care unit and the ward the ponV protocol consisted of 
rescue-treatment with an antiemetic drug: either one of the above antiemetics drugs if not 
previously administered, or metoclopramide 20 mg IV. There was no active surveillance of 
adverse events during this study.

statistical analysis
Since we aimed to assess the impact of implementing a ponV prediction model on the 
actual patient outcome (ponV), sample size was based on an estimated ponV incidence of 
30% in the care-as-usual group,10,25 and a relative risk reduction of 25% per antiemetic.23,26 
As intervention group anesthesiologists were expected to provide more than one antiemetic 
to high-risk patients, the overall relative risk reduction for the intervention group was esti-
mated at 33%, i.e. an absolute risk reduction of 10%. Detection of this 10% reduction in a 
randomized trial without cluster-randomization would require 295 patients per group, using 
a 2-sided alpha of 0.05 and power of 0.80. The sample size was adjusted for cluster-ran-
domization using an inflation factor based on an average cluster size of 175 patients, and an 
intraclass correlation coefficient of 0.1, resulting in 5,430 patients for each group.27,28 The 
sample size was considered sufficient for physician behavior, as less power was required to 
detect a difference in prescription of prophylactic antiemetics between allocation groups. 
Hence, around 11,000 patients were expected to be required.

Analysis was performed under the intention-to-treat principle. All statistical analyses were 
performed in R software (version 2.14.0). Statistical significance was defined as a two-sided 
alpha of 0.05. Continuous variables were visually assessed for a normal distribution using 
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histograms, QQ-plots. Parametric variables were expressed as means with standard deviations, 
nonparametric variables were expressed as medians with interquartile ranges, and discrete 
variables were expressed as numbers with percentages.

As this was a cluster-randomized trial, mixed effects regression analyses were used to 
take clustering into account: logistic regression for the incidence of ponV and Poisson regres-
sion for the number of prophylactic antiemetics (the function for generalized linear mixed 
effects models (glmer) from the lme4 package in R software). Results of regression analyses 
were presented as odds ratios with 95% confidence intervals (CI) or rate ratios with 95% CI.

Fixed effects included allocation group, predicted risk of ponV, interaction between allo-
cation group and predicted risk, and study time. The interaction term was included to quantify 
to what extent the difference in treatment effect (between intervention and care-as-usual) 
differed across predicted risks; e.g. an odds ratio below one would signify that a reduction in 
ponV due to the directive approach was greater in patients with higher risks. Study time was 
included in the model to adjust for a possible learning effect for anesthesiologists exposed 
to the prediction model.

In addition to the fixed effects, random effects were included for the intercept, allocation 
group, predicted risk, interaction between allocation group and predicted risk, and study 
time. A random intercept was included for anesthesiologists to account for small differences 
in ponV risks between their individual patient populations. Random slopes were included to 
account for different ponV prophylaxis strategies among anesthesiologists. A random slope 
was included for study time as the possible learning effect was not expected to be similar 
for each individual anesthesiologist. The intraclass correlation coefficient was calculated 
for the ponV incidence (using the glmer code in R) to quantify the amount of clustering at 
the anesthesiologists’ level, which represents the resemblance of patients treated by the 
same anesthesiologist.29

Although randomization was stratified for anesthesia sub-specialty, some anesthesiologists 
may still have worked more with particular surgical specialties, treating patients with particular 
baseline risks of ponV. Due to a relatively small number of anesthesiologists (expected n = 60) 
treating a large number of patients, differences in case mix between anesthesiologists were 
expected to be magnified in observed baseline characteristics of patients. As the prediction 
model already included the most important patient characteristics, the mixed effects anal-
yses were automatically adjusted for differences in patient characteristics by inclusion of the 
predicted risk as a variable. Therefore, additional analyses for both primary and secondary 
outcomes were performed to adjust for case mix differences by including procedure specific 
variables as fixed effects: surgical specialty and type of patient (ambulatory surgery yes/no). 
As the differences in baseline characteristics of patients were expected, these additional 
adjustments were amended to the study protocol before the start of the analysis.

Before multivariable modeling, all continuous variables were tested for nonlinearity using 
restricted cubic splines, including predicted ponV risk.30 Missing data were multiple imputed 
(n = 10) using a regression approach in R (the function for multiple imputation (aregImpute) 
from the package Hmisc in R software). Imputation of missing study variables was based on 
predictors, outcome variables, and other perioperative data.31–34 As ponV was coded missing 
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when any of the follow-up measurements was incomplete, non-missing follow-up measure-
ments of ponV were added to the imputation process to serve as auxiliary variables to impute 
missing values for ponV. Subsequently, the imputed values for ponV were included into the 
mixed effects regression model, instead of deleted. The anesthesiologists were added as an 
extra variable in the imputation model to take into account the multilevel structure of the data.

Three post-hoc sensitivity analyses were performed to test the robustness of the results on 
three different areas of possible uncertainty. The three areas of possible uncertainty were the 
effects of multiple imputation of missing values; the definition of the outcome variable ponV 
and its consequence for the results; and the exclusion of anesthesiologists who treated less 
than 50 enrolled patients during the study period.

The sensitivity analysis on missing values was performed using a similar mixed effects 
model as the main analysis, but on complete cases only. For ponV, patients with any missing 
follow-up time points were discarded during the complete case analysis. For the analysis on 
prophylactic antiemetic interventions, all data was available and no patients were discarded.

For the sensitivity analysis on the primary outcome definition, we restricted the definition 
of ponV to serious nausea or vomiting at any of the follow-up time points. In contrast to the 
main analysis, minor nausea (the middle category of the three-point nausea scale) and the 
use of rescue antiemetics were not considered ponV for this sensitivity analysis.

As the exclusion of anesthesiologists with a low patient count during the study resulted 
in reduction in a sample size and as the discarded group of patients may be selective, a 
sensitivity analysis examined the impact of this exclusion. The reason to exclude anesthesi-
ologists with a low patient count was to enable performing a cluster-based analysis, i.e. the 
mixed effects models. Therefore, this sensitivity analysis consisted of conventional logistic 
and Poisson regression analyses in all randomized patients, i.e. without the random effects 
and the anesthesiologists with a low patient count not excluded. Furthermore, anesthesiol-
ogists who treated no patients during the study period were still excluded from the analysis.

results
A total of 79 anesthesiologists were randomized, who together treated 12,032 enrolled patients 
(Figure 3.1). Of the 79 anesthesiologists, 6 were excluded as they treated no patients during 
the study period and 16 were excluded as they treated less than 50 patients per individual 
during the study period (in total 397 patients). An additional 22 patients were excluded 
because of a technical error in the anesthesia information management system. This resulted in 
11,613 patients treated by 57 anesthesiologists (31 in the intervention group; 26 in the care-as-
usual group) to be analyzed. Anesthesiologists of the intervention group treated fewer patients 
per anesthesiologist (median 162 patients per anesthesiologist, interquartile range 120 – 207) 
than anesthesiologists of the care-as-usual group (median 236 patients per anesthesiologist, 
interquartile range 128 – 300, Table 3.2).
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Assessed for eligibility
84 physicians
17,698 patients

Excluded: cluster level
Pediatric anesthesia only 

(4 physicians)
Cardiac anesthesia only 

(1 physician)

Excluded: patient level
Emergency surgery

(4,531 patients)
Postoperative ICU stay 

(947 patients)
Inability to e�ectively com-
municate 

(188 patients)

Randomization
79 physicians,  
12,032 patients

Care-as-usual (39 physicians)
Received allocated intervention

35 physicians, median no. of patients 141,
range 4 - 765  

6,310 patients
Did not receive allocated intervention

Did not treat patients within study 
(4 physicians)

Error in electronic patient record
(12 patients)

Prediction Rule (40 physicians)
Received allocated intervention

38 physicians, median no. of patients 142,
range 22 - 391

5,700 patients
Did not receive allocated intervention

Did not treat patients within study
(2 physicians)

Error in electronic patient record
(10 patients)

Loss to follow-up
Behavior: no. of prophylactic antiemetics

0 patients (0%)
Postoperative nausea and vomiting

745 patients (12%)

Loss to follow-up
Behavior: no. of prophylactic antiemetics

0 patients (0%)
Postoperative nausea and vomiting

625 patients (11%)

Analysed
26 physicians, median no. of patients 170,

range 59 - 765 
6,142 patients

Excluded from analysis
Less than 50 patients treated within study

(9 physicians, 168 patients)

Analysed
31 physicians, median no. of patients 162,

range 56 - 391 
5,471 patients

Excluded from analysis
Less than 50 patients treated within study

(7 physicians, 229 patients)

Figure 3.1 Flow diagram of the progress of anesthesiologists and patients through the phases of the study. 
Anesthesiologists represent either att ending anesthesiologists or senior anesthesiology residents. ICU = Intensive 
Care Unit
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Table 3.2 Baseline characteristics of anesthesiologists

Care-as-Usual Group Intervention Group

(n = 26) (n = 31)
Number of patients treated, median (IQr) 170 (128 – 300) 162 (120 – 207)
Age*, years, mean (sD) 43 (9) 43 (10)
Female sex, n (%) 11 (42) 15 (48)
Entered during study, n (%) 5 (19) 8 (26)
Left department during study, n (%) 4 (15) 7 (23)
Specialty: cardiac anesthesia*, n (%) 2 (8) 2 (6)

pediatric anesthesia*, n (%) 3 (12) 4 (13)
pain medicine*, n (%) 1 (4) 4 (13)

Senior resident*, n (%) 12 (46) 11 (35)
Entered as senior resident during study, n (%) 4 (15) 4 (13)
Senior resident became attending 
anesthesiologist during study, n (%)

5 (19) 4 (13)

* Characteristic was documented at the moment of inclusion in the study
IQr = interquartile range; sD = standard deviation

Table 3.3 Baseline characteristics of patients

Care-as-Usual Group Intervention Group

N* (n = 6142) (n = 5471)
Age, years, mean (sD) 11613 51 (17) 50 (17)
Female sex, n (%) 11613 3307 (54) 2988 (55)
Outpatients, n (%) 11613 1646 (27) 2086 (38)
asa class, n (%) 11325

1 2211 (37) 1985 (37)
2 3111 (52) 2765 (52)
3 648 (11) 581 (11)
4 15 (0) 9 (0)

Current smoking, n (%) 11134 1765 (30) 1598 (30)
Surgery with a high ponV risk, n (%) 10545 807 (15) 541 (11)
History of ponV / Motion sickness, n (%) 8837 1511 (33) 1397 (33)
Use of inhalational anesthesia†, n (%) 11613 3212 (52) 3321 (61)
Predicted risk of ponV, %, mean (sD) 11613 39 (15) 37 (15)
Apfel risk score‡, %, mean (sD) 11613 42 (19) 42 (19)
Operation duration, min, median (IQr) 11613 101 (63 – 167) 95 (59 – 151)

* N represents the total number of non-missing observations for that characteristic
† As compared to intravenous anesthesia using propofol
‡ For calculation of the Apfel risk score, the observed use of postoperative opioids was used instead of the expected
asa = American Society of Anesthesiologists; IQr = interquartile range; min = minute; 
ponV = postoperative nausea and vomiting; sD = standard deviation



Of the 11,613 patients, 5,471 (47%) were treated by intervention group anesthesiologists 
and 6,142 (53%) by ‘care-as-usual’ anesthesiologists (Table 3.3). The patients’ mean ages 
and sex distribution were comparable. The intervention group included more outpatients 
(38% vs. 27%) and fewer procedures with a high ponV risk (11% vs. 15%); all other predictors 
were comparable between the two groups. The predicted ponV risk was slightly lower in the 
intervention group: 37% (SD 15%) versus 39% (SD 15%). No adverse events were reported 
by the study participants.

In total, 80% of all follow-up measurements were completed (intervention group 80%; care-
as-usual group 79%), with 88% of all patients having at least one follow-up measurement 
completed (intervention group 89%; care-as-usual group 88%). As the primary outcome 
for a single patient was considered missing when any of the follow-up measurements were 
missing, 70% of patients had all follow-up measurements completed (n = 8,104), whereas the 
remaining 30% had their outcome variables imputed. The crude effect of prediction model 
implementation on patient outcome is shown in Table 3.4, columns 3 and 4. The crude inci-
dence of ponV within the first 24 hours after surgery was 41% for patients in the intervention 
group, and 43% in the care-as-usual group. Intraclass correlation was low (0.020).

Differences in the occurrence of ponV were small and not statistically significant between 
intervention and care-as-usual group (odds ratio for allocation group 0.97, 95% CI 0.87 – 1.1; 
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Table 3.4 Primary and secondary outcomes by deciles of predicted risk of poNV

Incidence of PONV No. of prophylactic antiemetics*

Care-as-
Usual Group‡

Intervention 
Group‡

Care-as-Usual 
Group¶

Intervention 
Group¶

(n = 6142) (n = 5471) (n = 6142) (n = 5471)

Predicted risk deciles N† N†,§ 0 1 2 3 4 0 1 2 3 4
6 – 18% 790 67 (18) 82 (20) 1162 75 24 1 0 0 82 16 2 0 0

18 – 25% 750 102 (28) 102 (27) 1163 62 33 5 0 0 69 27 4 0 0

25 – 30% 795 101 (26) 113 (28) 1163 53 41 6 0 0 56 38 5 1 0

30 – 33% 795 123 (29) 117 (31) 1159 48 45 6 0 0 52 40 8 1 0

33 – 37% 823 165 (38) 133 (34) 1161 45 47 7 1 0 51 37 10 2 0

37 – 42% 831 199 (45) 166 (43) 1160 42 52 6 0 0 42 42 13 2 0

42 – 47% 815 195 (44) 163 (44) 1159 42 48 9 0 0 39 40 18 3 0

47 – 52% 809 251 (55) 202 (58) 1163 35 51 13 1 0 32 42 22 4 0

52 – 59% 835 294 (64) 216 (58) 1162 31 50 16 3 0 21 44 29 5 1

59 – 81% 861 337 (69) 253 (68) 1161 23 54 21 2 0 12 36 42 9 1

Overall 8104 1834 (43) 1547 (41) 11613 45 45 9 1 0 47 36 15 3 0

* The sum of the prophylactic use of ondansetron, droperidol, dexamethasone, and/or total intravenous anesthesia
† N represents the total number of non-missing observations per decile of predicted risk
‡ Data represent absolute numbers of ponV (%)
§ For the number of prophylactic antiemetics all observations were available
¶ Data represent percentages within risk decile
ponV = postoperative nausea and vomiting



odds ratio for the interaction term of allocation group and predicted risk 0.92, 95% CI 0.80 – 1.1). 
The absence of statistical significance is reflected in Figure 3.2, as 95% confidence intervals 
of both groups almost fully overlap. Pre-specified adjustment for baseline characteristics 
did not change these results and inferences. Moreover, the sensitivity analyses on missing 
data, the outcome definition and exclusion of anesthesiologists and patients showed small 
and non-significant effects on the ponV incidence, similar to the main analyses. Numerical 
descriptions of both adjusted and unadjusted models, as well as the three sensitivity analyses 
can be found in Table 3.5.

The crude effect of the group assignment on physician behavior is shown as the percentage 
of patients which received a particular number of administered prophylactic antiemetics 
(Table 3.4, columns 5 to 15). The number and type of prophylactic antiemetics were docu-
mented for all patients.

In the main analysis, anesthesiologists of the intervention group administered more 
antiemetic prophylaxis than anesthesiologists of the care-as-usual group (rate ratio for allo-
cation group 2.0, 95% CI 1.6 – 2.4). Moreover, when administering antiemetic prophylaxis, 
intervention group anesthesiologists discriminated more between patients with a high or low 
predicted risk than anesthesiologists of the care-as-usual group (rate ratio for the interaction 
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Table 3.5 Mixed effects regression analysis on the incidence of poNV

Sensitivity analysis

Main analysis*,†
Complete 

case†,‡ Serious PONV*,§
All physicians & 

patients*,†,¶

Unadjusted analysis
Intervention group 0.97 (0.87 – 1.10) 0.93 (0.81 – 1.06) 0.99 (0.87 – 1.13) 0.98 (0.89 – 1.07)

Predicted risk# 2.29 (2.07 – 2.54) 2.83 (2.53 – 3.17) 2.27 (2.02 – 2.55) 2.24 (2.06 – 2.44)

Interaction: study group 
and predicted risk#

0.92 (0.80 – 1.05) 0.88 (0.74 – 1.04) 0.89 (0.75 – 1.04) 0.92 (0.82 – 1.03)

Analysis adjusted for baseline differences**
Intervention group 0.97 (0.86 – 1.09) 0.93 (0.81 – 1.06) 0.98 (0.86 – 1.13) 0.94 (0.86 – 1.04)

Predicted risk# 2.37 (2.10 – 2.66) 2.92 (2.57 – 3.31) 2.41 (2.12 – 2.74) 2.36 (2.15 – 2.59)

Interaction: intervention 
group and predicted risk#

0.91 (0.80 – 1.05) 0.87 (0.74 – 1.03) 0.90 (0.76 – 1.06) 0.91 (0.81 – 1.02)

Numbers represent odds ratios with 95% confidence intervals for the fixed effects.
All analyses included time as a covariable.
* After multiple imputation using 10 imputation datasets
† Patients with any nausea, vomiting or having received rescue antiemetics were considered cases
‡ Cases with missing variables were discarded, resulting in analysis of n = 8,104 patients
§ Only patients who reported definite nausea or vomiting were considered cases
¶ Unclustered logistic regression analysis in all physicians (n = 73) and patients (n = 12,010), without exclusion because 

of too small clusters
# Odds ratios represent predicted risks of 100% (a probability of 1)
** Baseline differences were adjusted by including surgical specialty and ambulatory surgery as covariates
ponV = postoperative nausea and vomiting



term of allocation group and predicted risk 1.6, 95% CI 1.3 – 2.0, Figure 3.3). Compared to 
anesthesiologists of the care-as-usual group, intervention group anesthesiologists administered 
a higher number of prophylactic antiemetics to patients with a high predicted risk, while 
low risk patients received a lower number of antiemetics. Both overall and risk-dependent 
differences in physician behavior were statistically significant (Figure 3.3, 95% confidence 
interval areas of both groups cross each other and only slightly overlap). Neither adjustment 
for baseline differences nor the three sensitivity analyses changed the results and their 
inferences (see Table 3.6).

discussion
Following recent guidelines on studying the impact of clinical prediction models, we performed 
a cluster-randomized trial on the implementation of a validated prediction model for ponV. We 
quantified the effects of implementing such a prediction model on both physician behavior 
and patient outcome. Patients did not have a substantially lower incidence of ponV when 
their anesthesiologists were provided with an intraoperative predicted ponV risk, despite an 
increased administration of risk-tailored prophylaxis by these anesthesiologists. In other words, 
anesthesiologists of the intervention group administered more prophylactic antiemetics to 
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Table 3.6 Mixed effects regression analysis on the number of prophylactic antiemetics

Sensitivity analysis

Main analysis* Complete case† Serious PONV‡
All physicians & 

patients*,§

Unadjusted analysis
Intervention group 2.03 (1.64 – 2.50) 2.03 (1.64 – 2.50) 2.03 (1.64 – 2.5) 1.76 (1.58 – 1.96)

Predicted risk¶ 2.16 (1.84 – 2.53) 2.16 (1.84 – 2.53) 2.16 (1.84 – 2.53) 2.25 (2.07 – 2.43)

Interaction: study group 
and predicted risk¶

1.63 (1.30 – 2.03) 1.63 (1.30 – 2.03) 1.63 (1.30 – 2.03) 1.60 (1.43 – 1.80)

Analysis adjusted for baseline differences**
Intervention group 1.87 (1.55 – 2.25) 1.87 (1.55 – 2.25) 1.87 (1.55 – 2.25) 1.88 (1.69 – 2.11)

Predicted risk¶ 1.81 (1.57 – 2.09) 1.81 (1.57 – 2.09) 1.81 (1.57 – 2.09) 1.71 (1.56 – 1.87)

Interaction: intervention 
group and predicted risk¶

1.57 (1.30 – 1.89) 1.57 (1.30 – 1.89) 1.57 (1.3 – 1.89) 1.63 (1.45 – 1.83)

Numbers represent rate ratios with 95% confidence intervals for the fixed effects.
All analyses included time as a covariable.
* After multiple imputation using 10 imputation datasets
† Identical to the primary analysis as there were no missings for the secondary outcome
‡ Identical to the primary analysis as the secondary outcome definition was not changed
§ Unclustered Poisson regression analysis in all physicians (n = 73) and patients (n = 12,010), without exclusion because 

of too small clusters
¶ Rate ratios represent predicted risks of 100% (a probability of 1)
** Baseline differences were adjusted by including surgical specialty and ambulatory surgery as covariables
ponV = postoperative nausea and vomiting



patients at higher risk and fewer antiemetics to patients at low risk in comparison to their 
colleagues of the care-as-usual group. However, the tailored prescription of antiemetics in 
the intervention group did not result in a substantially lower incidence of ponV.

The discrepancy in results between patient outcome and physician behavior was unexpected. 
At the start of the study we assumed that all conditions to proceed with an impact study of our 
ponV prediction model had been met: the implemented prediction model had been externally 
validated, several clinical guidelines advocated the use of prediction models for ponV, and 
the efficacy of prophylactic antiemetics had been well-established by several randomized 
clinical trials and meta-analyses.23,26,35–37 Since this study showed that application of the ponV 
prediction model did not translate into a clear benefit for patients, it is conceivable that one 
or more of these presumptions were wrong.

First, the predictive performance of the prediction model may actually have been insufficient 
to improve clinical decision making. In previous validation studies predictive performance of 
all existing ponV models was typically moderate (c-statistic around 0.70).9,12 Our prediction 
model had comparable discrimination (c-statistic of 0.68) and it slightly underestimated the 
actual ponV risk.22 With a moderate predictive performance, decisions based on the model 
may not have been superior to care-as-usual, i.e. clinical judgment.

Second, despite a statistically significant impact on physician behavior, the absolute 
impact was relatively small. In this study, four different prophylactic antiemetics were avail-
able. However, anesthesiologists of the intervention group mostly administered up to two 
antiemetics to high-risk patients, whereas more than two antiemetics may be indicated.23 
From the results of our study we cannot infer why anesthesiologists of the intervention group 
were reluctant to administer more than two antiemetics. Nonetheless, one might expect a 
decrease in ponV occurrence when anesthesiologists of the intervention group administered 
more prophylactic antiemetics to their high-risk patients.

Third, proven efficacy in randomized clinical trials is no guarantee for effectiveness in 
daily practice.38–41 In previous efficacy trials prophylactic antiemetics reduced the risk of ponV 
by approximately 30%, with a wide variation between different studies.26 However, study 
populations of these efficacy trials were often restricted to specific high-risk groups, such as 
women undergoing laparoscopic procedures. As the present study included a large sample 
of surgical patients with minimal inclusion restrictions, the actual effectiveness of ‘proven’ 
prophylactic antiemetics may indeed be lower than reported earlier.

The primary goal of the present study was to quantify the effects of implementing a clinical 
prediction model on patient outcome (ponV), and to interpret these effects in view of the 
change in physician behavior caused by the prediction model, i.e. administration of antiemetics. 
The absence of a direct link between increased administration of antiemetics and reduced 
ponV should not be interpreted as evidence that ponV prediction models – or prediction 
models in general – are ineffective in clinical practice. This study is only one example, and 
its limitations should be considered when applying the results to different settings.
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First, although we assessed a large number of outcomes, this implementation study 
included a single center.3 Second, despite a large study population, diff erences in baseline 
characteristics occurred, probably due to cluster-randomization. By randomizing a relatively 
small sample of anesthesiologists, diff erences in anesthesiologists’ baseline characteristics 
may have been magnifi ed at the patient level, although adjustment for baseline diff erences 
in patient case mix among anesthesiologists did not change the results.
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Figure 3.2 Graphical representation of the mixed eff ects regression analysis on the incidence of postoperative nausea 
and vomiting. Figure 3.2 may be interpreted as the occurrence of postoperative nausea and vomiting (ponV) aft er 
receiving prophylaxis, in patients with a particular predicted risk within each study group. The diff erences between 
the colored and gray areas represent the eff ect of implementation of the prediction model on the occurrence of 
ponV in patients with a particular predicted risk.

The solid lines and their 95% confi dence intervals (CI) represent the fi xed eff ects of the mixed eff ects regression 
analyses. The dott ed vertical line shows the intersection point of both groups. The mixed eff ects models included fi xed 
eff ects for the variables allocation group, predicted risk of ponV, interaction between allocation group and predicted 
risk, and time. Random eff ects were included for the intercept, predicted risk, interaction between allocation group 
and predicted risk, and time. The lines were calculated using the average for the variable time. The 95% CIs were 
calculated from the covariance matrix for the variables allocation group and its interaction term with predicted risk.



Third, anesthesiologists were not naive to prophylactic ponV management. As Table 3.4 
and Figure 3.2 clearly indicate, anesthesiologists of the care-as-usual group also provided 
prophylaxis to their patients in a risk-dependent manner, reducing the possible impact of 
a prediction model on the incidence of ponV. It is conceivable that anesthesiologists were 
already able to (heuristically) identify high-risk patients before the start of the study, as a 
consequence of training, clinical experience, medical literature and the pre-existent local ponV 
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Figure 3.3 Graphical representation of the mixed eff ects regression analysis on the incidence of postoperative 
nausea and vomiting. Figure 3.3 may be interpreted as the number of prophylactic antiemetics a patient with a 
particular predicted risk of ponV would receive from any anesthesiologist within each study group. The diff erences 
between the colored and gray areas therefore represent the changes in physician behavior concerning prescription 
of antiemetic prophylaxis, caused by implementation of the prediction model. 

The solid lines and their 95% confi dence intervals (CI) represent the fi xed eff ects of the mixed eff ects regression 
analyses. The dott ed vertical line shows the intersection point of both groups. The mixed eff ects models included fi xed 
eff ects for the variables allocation group, predicted risk of ponV, interaction between allocation group and predicted 
risk, and time. Random eff ects were included for the intercept, predicted risk, interaction between allocation group 
and predicted risk, and time. The lines were calculated using the average for the variable time. The 95% CIs were 
calculated from the covariance matrix for the variables allocation group and its interaction term with predicted risk.
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protocol. In addition, there might have been increased knowledge and experience with the 
use of risk scores for ponV prophylaxis, as the implemented prediction model was updated 
and optimized in the same hospital and the anesthesiologists may already have been using 
other risk scores before the start of the study. Therefore, a Hawthorne effect cannot be ruled 
out as a possible explanation for the results of this study. An alternative explanation may be 
that some contamination may have occurred, as anesthesiologists of the intervention group 
may occasionally have discussed ponV and its prophylactic treatment with anesthesiologists 
of the care-as-usual group. However, true contamination is unlikely, as the predicted risk is 
not easily calculated without a proper decision support tool.

Fourth, we used an ‘assistive’ implementation strategy as opposed to a ‘directive’ 
approach: anesthesiologists were free to decide how to interpret the predicted risk and 
how to assess the need for antiemetics. Additional interventions to increase the impact on 
physician behavior may include a more intensive education and feedback programme.16,42 A 
directive approach, which includes actionable recommendations, may have a larger impact 
on physician behavior.43

Fifth, the observed ponV incidence within 24 hours after surgery in the care-as-usual 
group of our study is 43%, which is high for a study population which was not selected 
based on a preoperative risk of ponV, such as Apfel’s trial.23 The sensitivity analysis in which 
we defined ponV as only serious nausea or vomiting did not change the results (Table 3.5, 
third column). The average predicted risks of ponV from both the implemented prediction 
model and Apfel’s simplified risk score are very close to the observed ponV incidence in our 
study (Table 3.3).10 Consequently, our study should be considered a high-risk population for 
ponV and results may not necessarily translate to population with a lower average ponV risk.

Sixth, the results for the ponV incidence bordered on statistical significance. The exclu-
sion of almost a quarter of initially randomized anesthesiologists and approximately 400 
patients after randomization may have prevented the results to become significant. Therefore, 
an unclustered sensitivity analysis in all randomized patients was performed. The sensitivity 
analysis produced similar results as the main analysis (Table 3.5, fourth column). Even after 
adding the 400 patients that were excluded, the effect of the implemented prediction model 
on ponV remained very small in the sensitivity analysis, and it would require a much larger set 
of patients to become statistically significant. The small effect size is reflected in its clinical 
relevance, as a crude 2% reduction in ponV is not a substantial effect from a patient perspective.

In conclusion, implementation of a previously ‘validated’ prediction model for ponV did not 
result in a clinically relevant decrease in ponV incidence, despite an increase in ‘risk-tailored’ 
application of prophylactic antiemetic strategies by anesthesiologists. Even when the use 
of a prediction model is consolidated in several guidelines, the discrepancy in the results of 
this study underscores the need to perform a formal impact analysis which includes patient 
outcome, before attempting to implement a prediction model into clinical practice.
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abstract
Background: Prediction models may facilitate risk-based management of healthcare condi-
tions. In a large cluster-randomized trial, presenting calculated risks of postoperative nausea 
and vomiting (ponV) to physicians (assistive approach) increased risk-based management of 
ponV. This increase did not improve patient outcome – i.e. ponV incidence. This prompted us 
to explore how prediction tools guide the decision-making process of physicians.

Methods: Using mixed-methods we interviewed eight physicians to understand how predicted 
risks were perceived by the physicians, and how they influenced decision making. Subse-
quently, all participating physicians were surveyed for how their perceptions were influenced 
by the presented risks.

Results: Although the prediction tool made physicians more aware of ponV prevention, the 
physicians reported three barriers to use predicted risks in their decision making. ponV was 
not considered an outcome of utmost importance; decision making on ponV prophylaxis was 
mostly intuitive rather than risk-based; prediction models do not weigh benefits and risks of 
prophylactic drugs.

Conclusions: Combining probabilistic output of the model with their clinical experience may 
be difficult for physicians, especially when their decision-making process is mostly intuitive. 
Adding recommendations to the predicted risk (directive approach) was considered an 
important step to facilitate the uptake of a prediction tool.
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P rediction models are introduced into medical practice to facilitate physician decision 
making. A good model accurately predicts a patient’s risk of a current (diagnostic 
model) or future (prognostic model) health condition. This information may then be 

used by healthcare providers and patients – ideally in shared decision making – to decide 
on the most appropriate course of action, either treatment, preventive strategies, or a combi-
nation of these. It is often recommended that before wide spread use in daily practice, the 
actual impact of diagnostic or prognostic prediction models on clinical decision making and 
patient outcomes should be formally studied in so-called ‘prediction model impact studies’.1–4

An important choice in such studies is the model’s format or presentation: will the clinicians 
only be presented their patient’s individual predicted outcome risk – an ‘assistive’ format – or 
will they receive a corresponding therapeutic or preventive management recommendation in 
addition to the risk – a ‘directive’ format.1,4 Some authors suggest that a directive format will 
have a larger effect on decision making and is more likely to improve patient outcomes, but 
others fear that such an approach merely results in ‘cook book medicine’ and compromises 
clinical intuition.1,4–7 Notwithstanding this debate, there is very limited empirical evidence on 
how clinicians react when predicted risks obtained from prediction models are presented 
to them. We recently performed a large impact study of the implementation of a prediction 
model in which we explicitly selected an assistive format. This impact study allowed us to 
explore how clinicians actually perceive the use of prediction models and use their predicted 
risks in their decision making.

The impact study was designed as a large cluster-randomized trial on the use of a previously 
developed, validated and recalibrated prediction model for postoperative nausea and vomiting 
(ponV).8,9 ponV is a common problem in the first 24 hours after surgery with general anesthesia, 
affecting – on average – 30% of all surgical patients.8,10,11 At the start of anesthesia, physicians 
who were randomized to the intervention group were ‘exposed’ to model-based risk estimates 
of ponV for their individual patients, as calculated by an on-line prediction model. When 
compared to the unexposed physicians – i.e. the ‘care-as-usual’ control group – physicians 
who were presented the patients’ individual ponV risks indeed administered more prophylactic 
antiemetic drugs to their patients. However, the overall increased administration of antiemetic 
prophylaxis did not result in a clinically relevant decrease in either the overall or risk-dependent 
incidence of ponV. This discrepancy was unexpected. From the results of the trial alone we 
were unable to discern between possible causes for this discrepancy. One possible cause 
was that simply presenting risk scores only had a minimal impact on the physicians’ behavior. 
Other possible causes were that the prediction model did not accurately target patients who 
will respond to the antiemetic effects of the prophylactic drugs or that the actual effectiveness 
of the prophylactic drugs was not as high as their studied efficacy.12,13

We hypothesized that physicians with a greater inclination to treat ponV prophylactically 
would have administered more risk-dependent prophylaxis during the original rCt and thus 
their patients may have had a lower incidence of ponV. Hence, we performed an additional 
mixed-methods study using both qualitative and quantitative methods to improve our 
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understanding of how predicted risks are perceived, how they influence physician decision 
making, and which presentation format is considered most useful. We aimed to gain insight in 
why clinical implementation of a validated and recalibrated predictive model did not improve 
patient outcomes in our example cluster-rCt. Furthermore, the results of this mixed-methods 
study may help to formulate general recommendations for the design and conduct of impact 
trials and implementation of prediction models in clinical practice.

methods
example study
The example study was a cluster-randomized trial on the clinical effects of implementing a 
prediction model for ponV.8 This cluster-rCt included 57 physicians of the Anesthesiology 
department at the University Medical Center Utrecht who treated over 11,000 patients. After 
randomization of the physicians, we compared antiemetic prescription and ponV outcomes 
from the intervention group of physicians who were ‘exposed’ to their patients’ ponV risks 
to the care-as-usual group. The model implementation strategy was assistive, i.e. the risk 
estimates were shown during the anesthetic case, but without any patient-specific recom-
mendations on ponV prophylaxis.1,3 During the cluster-rCt, the physicians of the intervention 
group administered more risk-dependent ponV prophylaxis to their patients than physicians of 
the care-as-usual group. This increase in risk-dependent ponV prophylaxis in the intervention 
group did not result in a lower incidence of ponV.

design of present study
The present mixed-methods study consisted of a sequential qualitative and quantitative phase, 
performed at the end of the cluster-rCt. We first collected qualitative data on possible facilita-
tors and barriers for the risk-dependent prophylactic treatment of ponV through face-to-face, 
semi-structured interviews with physicians who participated in the cluster-rCt. The interviews 
were structured according to an interview guide constructed by the first and third author 
(tHK and mamK) and were conducted by the third author (mamK). Interview transcripts were 
analyzed by the second and first author (KVL and tHK), using a grounded theory approach 
to identify differences in physicians’ conceptions and barriers on prophylactic ponV manage-
ment. Second, a structured survey was conducted in all physicians who participated in the 
rCt to quantify whether exposure to predicted risks as calculated by the prediction model 
resulted in differences in conceptions and barriers between physicians of the intervention 
group and the care-as-usual group. Additional information on the methods can be found in 
the Appendix, chapter 8.

interviews
Physicians were selected for the interviews by stratified random sampling from the pool of 
enrolled physicians. Stratification allowed for selection of physicians in different career stages 
(resident or junior attending versus senior attending) and different randomization statuses 

56 Chapter 4



within the rCt (intervention versus care-as-usual). Two physicians per stratum was expected 
to provide sufficient variation in the conceptions and barriers of physicians to administer 
prophylactic antiemetics to their patients during general anesthesia. In total eight physicians 
were interviewed.

A semi-structured interview schedule was devised using both open and closed ques-
tions. Questions were formulated according to four prespecified topics: 1) perceived patient 
burden of ponV by the physician; 2) professional risk stratification: how does the physician 
identify patients at risk for ponV; 3) the decision-making process regarding preventive anti-
emetic strategies; 4) attitude towards the use of prediction models and decision support for 
prophylactic treatment of ponV. The specific phrasing and order of questions were only meant 
as a guide; interviewer and interviewees were encouraged to explore the different themes 
during the conversation. The interviews ranged from 20 to 60 minutes. Data saturation was 
achieved after eight interviews and additional interviews were not expected to provide new 
insights.14–16 The individual responses to each question were sorted, coded and then rearranged 
into themes. Axial coding was used to group the themes into broader thematic topics, using 
Microsoft Excel. The themes and topics were subsequently integrated into central themes.

structured survey
To quantify possible differences between study groups observed during the interviews, all 
physicians participating in the rCt received a web-based survey. The survey addressed 
the same four topics used in the interviews. For each topic a specific set of questions was 
formulated to quantify possible differences in attitude towards that particular topic. For each 
question, the numerical answer of each physician was standardized to the mean score and 
standard deviation of all physicians, i.e. both allocations groups combined. The sum of all 
individual standardized scores of a physician was then used as a summary z-score for that 
particular topic (see Appendix Section 2). For each allocation group, the means and standard 
deviations of the summary z-scores per topic were calculated. Multiple testing was avoided by 
summing all four summary z-scores for each physician into a total summation z-score, which 
was tested using a two-sample Student’s t-test. Results for the two additional questions for 
the intervention group physicians were presented as absolute frequencies with percentages. 
A two-sided alpha of < 0.05 was considered statistically significant.

During the interview analysis the question arose whether physicians from the intervention 
group preferred an actionable recommendation instead of simply being presented a predicted 
ponV risk, and – in contrast – care-as-usual physicians would have preferred the prediction 
model over the recommendation. This question was addressed in the survey using a post-hoc 
analysis on a selection of questions from ‘Attitudes towards prediction models and decision 
support’. The questions which addressed either the predicted risk, a recommendation or both 
were pooled and analyzed using a Wilcoxon rank test (see Appendix Section 2).

adjusting the cluster-randomized trial analysis
The original rCt studied the ponV incidence (primary outcome) and the number of prophylactic 
antiemetics administered per patient (secondary outcome) for risk-dependent differences 
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between allocation groups using mixed effects regression analyses.8 We hypothesized that 
physicians with a greater inclination to treat ponV prophylactically would have administered 
more risk-dependent prophylaxis during the original rCt and thus their patients may have had 
a lower incidence of ponV. As the total summation z-score from the web-based survey was 
expected to reflect this inclination of physicians to treat ponV prophylactically, we adjusted 
the original rCt analysis of both outcomes for the total summation z-score (see Appendix 
Section 2).

results
interviews
The results of the eight interviews were rearranged into seventeen themes according to 
prespecified topics of the interview model (Table 4.1 and Appendix Section 1). Four over-
arching categories – or central themes – emerged from the 17 themes, which are described 
in the following sections.

TABLE 4.1 Themes from the interview analysis

Topic 1: Perceived severity of PONV

1A. Knowledge of the frequency of ponV

1B. Perception of the frequency of ponV among their patients

1C. Feedback on ponV occurrence increases awareness

1D. ponV is a side effect of general anesthesia

Topic 2: Professional risk stratification: how does a physician identify patients at risk for PONV?

2A. Variation in the use of risk factors

2B. Risk factors may be experience-based or evidence-based

2C. Weighing factors: no clear-cut risk appraisal

Topic 3: Making decisions on prophylactic antiemetic strategies

3A. Perceived benefits and harms of prophylactic antiemetic strategies

3B. Decisions on ponV prophylaxis are made implicitly

3C. ponV prophylaxis: only when indicated

Topic 4: Attitude towards the use of prediction models and decision support

4A. Intervention group: the predicted risk is higher than their own assessment

4B. Intervention group: no conscious roadmap for using the predicted risk

4C. Care-as-usual group: the predicted risk is mainly a reminder

4D. Authority in making decisions is more important than decision support

4E. Prediction models do not consider other comorbidity

4F. The predicted risk does not reflect the underlying mechanisms of ponV

4G. Willingness to use decision support may be dependent on familiarity

For a full description of the themes see Appendix Section 1
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ponv is not a main area of attention
Awareness of ponV as a clinical problem and perceived patient burden appeared to be low. 
The interviewees of both groups reported that they considered ponV to be a side effect 
of general anesthesia (theme 1D, Table 4.1), and that it should not be ‘excessively’ treated 
because of a low burden relative to more serious complications (themes 3B and 3C, Table 4.1 
and quote 1, Table 4.2). Knowledge of the different elements of a ponV prevention strategy 

Table 4.2 Quotes from the interview analysis

No. Quote Interviewee

1 You see, you can prevent nausea for a number of people, but when opposed by 
one person suffering from a surgical site infection [author’s note: a perceived risk 
of  dexamethasone PONV prophylaxis], your net benefit is lost. 

junior attending
care-as-usual group

2 There is definitely added value for droperidol, I think that is a good drug….I rarely 
administer droperidol intraoperatively…It provides some drowsiness, but in the low 
dose that we give, it is hardly a problem. 

senior attending
intervention group

3 Because of the study it [author’s note: awareness of PONV] has increased a little 
bit. However, it is still not a problem which is regularly brought up during case 
discussions… Perhaps it is just something that slips your mind quite easily. 

resident
intervention group

4 Let’s put it this way: to systematically provide PONV prophylaxis to all patients is 
impossible, because of the side effects. Although, when indicated for a specific 
patient, I believe you can accept the side effects. 

senior attending
care-as-usual group

5 No, it is not a conscious process. It is more that you roughly know the risk factors, 
you have an overall view of the patient, and then you start thinking: Does this 
patient has a high risk or not? But in my mind, I am not actually calculating the risk.

resident
intervention group

6 When you open the anesthesia information management system, you immediately 
see it. Well, it is not that I immediately am consciously aware of it, sometimes I 
am, but not always. It occasionally happens that at the end of the procedure you 
think: ‘O yes, the risk was high, shall I… 

senior attending
intervention group

7 I believe I would be inclined to administer more PONV prophylaxis, because you know 
that the predicted risk is based on an extensive calculation using several factors.

junior attending
intervention group

8 You do not benefit that much from a predicted risk. It is more a way to direct your 
attention to PONV, because to actually solve the problem itself you need more 
details than just a predicted risk.

senior attending
care-as-usual group

9 On one hand it is nice to treat a patient based on a true evidence-based 
recommendation, on the other hand all doctors want to decide for themselves…
So I have mixed feelings about this. I believe it will be a matter of getting used to 
it. At a certain point it will become a custom, and especially when it is has been 
proven to work, you would be a fool not to follow the advice.

senior attending
intervention group

10 The recommendation is probably only aimed at PONV, so I do believe that you 
should continue to consider which patient you have in front of you and what drugs 
you are going to administer.

resident
intervention group

11 You can only treat a patient when you know the actual cause of the problem. 
Without that, the predicted risk will not do you any good, you need to know which 
factors contributed to that particular risk.

senior attending
care-as-usual group

12 Of course it is nice to get some advice. On the other hand, all doctors, including me, 
feel that they can decide for themselves… I am in charge and I am also responsible.

senior attending
intervention group
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appeared to be quite fragmented. There was a large variation in reported ponV risk factors 
among all interviewees (themes 2A and 2B), and several interviewees from both groups were 
reluctant to administer either dexamethasone, droperidol or both without being able to explain 
their reluctance (theme 3A, quote 2). Additionally, it was reported not to be a regular topic 
of discussions among the medical staff of the anesthesia department (theme 1D, quote 3).

intervention group: limited effect of the implementation strategy
The strategy for implementation of the prediction model seemed to have resulted in a limited 
increase in knowledge and awareness regarding ponV prevention (themes 1A, 2A, 2B and 3A, 
Table 4.1). Compared to interviewees from the care-as-usual group, interviewees from the 
intervention group seemed to be more aware of the frequency of ponV (themes 1A and 1B). 
Interviewees from the intervention group seemed only a little more aware of the efficacy of 
prophylactic antiemetics (theme 3A), whereas knowledge of other aspects of ponV prevention 
was similar in both study groups (themes 2A and 2B, Table 4.1).

unconscious process of decision making
For most physicians the process of deciding on ponV prophylaxis is implicit. Physicians usually 
weighed several factors in their decision to administer prophylactic antiemetics: they make a risk 
assessment based on patient and procedure characteristics (themes 2A and 2B, Table 4.1 and 
Appendix Section 1) and subsequently weigh the risk against benefits, harms and contraindications 
of antiemetics (themes 3A and 3C, Table 4.1 and quote 4, Table 4.2). The physicians did not 
report a well-defined process of assessing and weighing all these factors (themes 2C and 3B, 
quote 5), so the process predominantly takes place ‘unconsciously’ – or intuitively.

presenting predicted ponv risks may not be sufficient to change 
professional decisions
Although interviewees from the intervention group reported to use the predicted risks in their 
decisions on ponV prophylaxis, they were unable to explicate how they used the predicted 
risk in their decisions on ponV prophylaxis (theme 4B, Table 4.1 and quote 6, Table 4.2). 
The interviewees from the intervention group expected that when a recommendation on 
ponV prophylaxis would be added to the predicted ponV risk, they would follow the advice 
(theme 4G, quote 7). In contrast, the interviewees from the care-as-usual group reported that 
they would consider the presented risk of ponV mainly as a reminder (theme 4C), and that a 
recommendation on ponV prophylaxis would not have much added value (theme 4G, quote 8).

The intuitive use of the predicted ponV risk and a stated preference for an actionable 
recommendation by intervention group interviewees suggested that being presented only 
with a predicted risk may be difficult to use in a clinical decision. Adding a risk-corresponding 
treatment recommendation may assist physicians in interpreting the predicted risk for a 
decision on ponV prophylaxis (theme 4G, quote 9).
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multifaceted and individualized decision making
The physicians of both groups reported one distinct barrier for using a prediction model: 
they felt that a prediction model does not take into account all aspects of a specific patient. 
The prediction model only predicted the risk for a specific outcome and did not weigh the 
benefit of treatment against the expected harms and contraindications for a particular patient 
with specific characteristics and comorbidity (theme 4E, Table 4.1 and quote 10, Table 4.2). 
Furthermore, the physicians indicated that even a patient-specific risk prediction is not truly 
patient-specific. The predicted ponV risk is an overall risk and does not reflect the specific 
pathway for becoming nauseous (theme 4F, quote 11). The physicians felt that decision support 
should not be implemented at the cost of their authority to make case-by-case decisions. 
It is a physician’s responsibility to make an individualized decision whether treatment of a 
specific condition is warranted for his or her patient – even when they decide against the 
recommendation (theme 4D, quote 12).

structured survey
In the original rCt there were baseline differences in the characteristics of the physicians across 
the two groups (Table 4.3).8 Physicians reported similar risk thresholds to the question which 
was asked before the rCt: ‘Above which risk threshold would you administer ponV prophylaxis 
to a patient?’. Of the 57 physicians analyzed in the original rCt, 53 (93%) completed the 
survey (intervention group 29 (94%); care-as-usual 24 (92%)). Overall, physicians of the 
intervention group had positive total summation z-scores, whereas physicians of the care-
as-usual group had negative scores (z-scores 0.66 (SD 2.4) vs. –0.80 (SD 2.4); p < 0.05). 
This difference in z-scores indicated that intervention group physicians had a more positive 

Table 4.3 Baseline characteristics of physicians from the survey

Care-as-Usual Group Intervention Group

(n = 26)* (n = 31)*
Number of patients treated, median (IQr) 170 (128 – 300) 162 (120 – 207)
Age†, years, mean (sD) 43 (9) 43 (10)
Female sex, n (%) 11 (42) 15 (48)
Entered during study, n (%) 5 (19) 8 (26)
Left department during study, n (%) 4 (15) 7 (23)
Specialty: cardiac anesthesia†, n. (%) 2 (8) 2 (6)

pediatric anesthesia†, n (%) 3 (12) 4 (13)
pain medicine†, n (%) 1 (4) 4 (13)

Senior resident†, n (%) 12 (46) 11 (35)
Entered as senior resident during study, n (%) 4 (15) 4 (13)
Senior resident became attending anesthesiologist 
during study, n (%)

5 (19) 4 (13)

Risk threshold for administering ponV prophylaxis†, 
median (IQr)

30 (30 – 40) 30 (20 – 50)

* Number of physicians that participated in the cluster-randomized trial and were eligible for the survey 
† Characteristic was documented at the moment of inclusion in the study
IQr = interquartile range; sD = standard deviation
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Table 4.4 Survey summary z-scores

Care-as-Usual Group Intervention Group

 (n = 24)* (n = 29)*
Theme 1: Perceived burden of ponV –0.27 (1.0) 0.22 (0.9)
Theme 2: Professional risk stratifi cation –0.30 (0.8) 0.25 (1.1)
Theme 3: Making decisions on prophylaxis –0.24 (1.1) 0.20 (0.9)
Theme 4: Att itude towards prediction models 0.01 (0.9) –0.01 (1.1)

Total summation z-score –0.80 (2.4)† 0.66 (2.4)†

Summation z-score for themes 1 – 3 –0.81 (1.9) 0.67 (1.8)

Data represent means (standard deviations) of the summary z-scores of the physicians within the same study group. 
A positive value for a study group indicates a more favorable att itude towards the theme as compared to the average 
of all physicians.
* The number of physicians who completed the survey
† p < 0.05
ponV = postoperative nausea and vomiting
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Figure 4.1 Density plot of the results the structured survey. The graph displays the diff erences in the distribution 
of the summary z-scores and total summation z-score between the physicians of both study groups. A positive 
z-score indicates that a physician had a more positive att itude towards prevention and risk-based management of 
postoperative nausea and vomiting (ponV) than the average att itude of the overall group of physicians.



attitude towards ponV prevention and the risk-dependent administration of ponV prophylaxis 
(Table 4.4, Figure 4.1). Similar to the results of the interviews, the post-hoc analysis on adding 
a recommendation to the predicted risk indicated that the intervention group physicians had 
a greater preference for the recommendation, which was statistically significant (median score 
intervention group 1; care-as-usual group 0; p < 0.05).

adjusting the cluster-randomized trial analysis
When the original regression analyses were adjusted for the total summation z-score of the 
survey, results were similar to the original results for both the primary and secondary outcome 
(see Appendix Section 2, Table 8.5). There was no association between the total summation 
z-score itself and the incidence of ponV (odds ratio 1.0, 95% CI 1.0 – 1.0) or the administration 
of prophylactic antiemetics (rate ratio 1.0, 95% CI 1.0 – 1.0).

discussion
We studied how the implementation and use of an assistive prediction model allowed physicians 
to apply risk-tailored prevention or treatment strategies, and identified facilitators and barriers 
for risk-tailored management. In our example study, the implementation of the prediction 
model for ponV facilitated physicians in three ways: the physicians became more aware of 
the outcome ponV, were better informed on its risk factors, and had a more positive attitude 
towards preemptive management of ponV. Nevertheless, the facilitating effect of the prediction 
model on actual behavior – and thus patient outcomes – was modest. Physicians reported 
several barriers for using risk predictions from a prediction model, which may have counter-
acted the facilitating effect (see Box 4.1). First, the predicted outcome – i.e. ponV – was not 
a main area of attention for most physicians. Second, the physicians did not use a conscious 
process for making decisions on ponV prophylaxis. Third, the presentation of only outcome 
risks or probabilities – i.e. without further therapeutic management guidance – made it 
difficult to link the proper management to the predicted risks in individual patients. Fourth, 
a prediction model does not weigh the benefits and risks of prophylactic drugs with regard 
to the patient’s comorbidity. The physicians argued that administration of ponV prophylaxis 
should remain an individualized decision made by a physician, not by a model. Furthermore, 
physicians who indicated to be more inclined to treat ponV prophylactically did not administer 
more prophylaxis to their patients than physicians with a lesser inclination. This suggests that 
the balance between the facilitating and barrier effects were in favor of the latter.

From this example study, we can learn how physicians may act upon the use of risk prediction 
models to guide their decision making in individual patients. The data suggest that the clinical 
decision-making process may be much more intuitive than physicians realize. In cognitive 
psychology literature, this intuitive, non-analytical process of decision making is referred to as 
a ‘Type 1’ process, as opposed to conscious and analytical reasoning, referred to as a ‘Type 
2’ process.17–19 Humans have a higher capacity for reasoning when they use the rapid Type 
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1 processes instead of the much slower Type 2 processes. The results of our study further 
indicate that only presenting the model’s predicted risks – without corresponding treatment 
recommendations – will generally force doctors to use Type 2 reasoning. Physicians have 
to integrate their clinical experience with the probabilistic information from the prediction 
model, and translate this into a meaningful decision on subsequent actions and management, 
weighing all benefits and harms for a particular patient. This may actually be a difficult and 
cognitively demanding task, which makes the prediction tool seem less useful to physicians.

One might argue that this process is exactly what clinical judgment is about and that 
it is a physician’s job to make such complicated decisions.20–22 However, in our study the 
physicians also reported that the outcome ponV was not a main area of attention. This barrier 
(see Box 4.1) may work in two ways. First, ‘attention’ refers to information processes and task 
performance as it is used in human factors and ergonomics, and is related to workload.23,24 
Clinical decision making is an intricate task performed within a system with a high degree of 
competing information and a multitude of tasks.25–27 Consequently, integrating an outcome 
risk into an otherwise subconscious decision process requires a lot of ‘attention’ in an already 
demanding environment. Second, ponV as an area of attention may refer to the physicians’ 
knowledge of this particular condition or the perception of an outcome with limited patient 
burden .28 In anesthesiology, ponV is considered the ‘big little problem’ – i.e., frequent but not 
life-threatening – in a network of other anticipated and possibly more severe consequences.29,30 
It is imaginable that physicians will prioritize their attention to preventable problems with a 
higher perceived burden than to preventable problems with a lower perceived burden.31 In 
addition, when physicians believe that the predictive tool does not facilitate individualized 
decision making (the fourth barrier, see Box 4.1), they will be even less inclined to spend their 
time and attention to use the predicted outcome risks in their decisions.

The concept of how the three barriers may hinder physicians from using prediction models in 
their clinical decisions leads us to several recommendations for a successful implementation 
of a predictive tool in clinical practice and thus for the conduct of impact trials (see Box 4.1). 
The demand that a predictive tool poses on the attention of physicians may be reduced by 
adding treatment recommendations to the presented predicted risks or risk categories, as it 
reduces the cognitive effort required to translate the predicted risk into a clinical decision. 
This supports earlier recommendations that a directive prediction model implementation 
approach – i.e. adding an actionable recommendation to the predicted risk – may render better 
performance and patient outcomes than an assistive implementation approach – providing 
the risk without such recommendation.1,4–6,32

Prompted by the results of this study, we recently performed an add-on study to the 
cluster-rCt, in which we added therapeutic recommendations to categories of predicted 
risk. We indeed found a larger effect on the decision making as well as on the reduction in 
outcome incidence than with the assistive implementation approach of the cluster-rCt.33 This 
supported our finding that adding management recommendations to predicted risks improves 
the uptake and impact of prediction models in practice. Secondly, automatic provision of the 
predicted risk that is smoothly integrated with the physician’s workflow may also be key factors 
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to reduce the required amount of attention and promote the use of the predicted outcome 
risks.6,32 Third, a predictive tool may better aid physicians in making individualized decisions 
when the reasoning and research evidence that resides behind the tool is also presented to 
the physicians.6,32 When physicians are better informed of which factors actually contribute 
to a predicted risk for a particular outcome, it is easier for them to understand how the 
predicted risk relates to their clinical experience. It was beyond the scope of this article to 
determine whether making physicians better informed would indeed improve their decision 
making or that the preference of the physicians for more information was an expression of 
overconfidence.20,21,34–36 Finally, a predictive tool will likely be better perceived by physicians 
when it predicts outcomes that are relevant to them and their patients.

There are several limitations to our study. First, the results do provide a plausible – but not 
definitive – explanation for the ‘no-effect-result’ of our cluster-rCt. Second, we performed 
the interviews and surveys at the end of the rCt. That poses the problem that the interviews 
are based on hindsight and that not everything may be accurately recollected by the physi-
cians. Fortunately, at the time of the interviews and surveys the physicians were still making 
decisions on ponV prophylaxis in their daily practice, yet without the prediction model. Their 
responses to most of the questions likely still represented their actual decision making. Third, 
we discussed that integrating clinical experience with the probabilistic knowledge from the 
prediction model may be a demanding task. We cannot discern from our results whether this 
task is demanding because the physicians find it to be ‘simply too much work’, or because the 
physicians do not know how their clinical experience may be integrated with the predicted risk.

Box 4.1 Summary Box

Barriers fOr usiNg risk PredictiON mOdels iN cliNical Practice
 » The predicted outcome is not a main area of attention for the physicians.
 » The decision making process of physicians is intuitive rather than analytical.
 » The probabilistic knowledge of the outcome is difficult to use in decision making, certainly 

when the probability estimate it is not accompanied by corresponding (e.g. therapeutic) 
management recommendations (assistive prediction model).

 » A prediction model does not weigh the benefits and risks of prophylactic drugs with regard 
to the patient’s comorbidity.

RecOmmeNdatiONs fOr a successful imPlemeNtatiON Of a PredictiON mOdel iN cliNical Practice
 » Adding an actionable recommendation to the predicted risk (directive prediction model)
 » Presentation of the predicted risk should be automated and smoothly integrated with the 

physician’s workflow.
 » The reasoning and research evidence of the underlying prediction model to show how risks 

are actually estimated, should also be available to physicians.
 » A prediction model will be better perceived by physicians when it predicts outcomes that 

are relevant to them and their patients.
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In summary, we studied facilitators and barriers in the use of clinical prediction and decision 
models using a large randomized study on the implementation of a prediction model for 
ponV. Conscious integration of a predicted risk into the doctor’s decision-making process 
may be difficult when the decision-making process is mostly subconscious and implicit. In a 
high-workload environment, such integration may require too much attention from a physician 
to actually integrate clinical and probabilistic knowledge. When one wishes to implement a 
prediction model to improve clinical practice, an important consideration is how to accom-
modate the new information in the physicians’ workflow and how to ease the demand of 
attention on the physicians. Adding actionable patient-management recommendations to the 
predicted risk categories and providing physicians with the reasoning behind the predicted 
risks are the first steps to reduce such demand and improve the uptake of clinical prediction 
models in practice.
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abstract
Background: In a large cluster-randomized trial on the impact of a prediction model, presenting 
the calculated risk of postoperative nausea and vomiting (ponV) on-screen (assistive approach) 
increased the administration of risk-dependent ponV prophylaxis by anesthesiologists. This 
change in therapeutic decision making did not improve patient outcome, i.e. the ponV 
incidence. The present study aimed to quantify the effects of adding a specific therapeutic 
recommendation to the predicted risk (directive approach) on ponV prophylaxis decision 
making and the incidence of ponV.

Methods: A prospective before-after study was conducted in 1,483 elective surgical inpatients. 
The before-period included care-as-usual and the after-period included the directive risk-based 
(intervention) strategy. Risk-dependent effects on the administered number of prophylactic 
antiemetics and incidence of ponV were analyzed by mixed-effects regression analysis.

Results: During the intervention period anesthesiologists administered 0.5 (95% CI 0.4 – 0.6) 
antiemetics more per antiemetic advised. This increased administration in ponV prophylaxis 
also resulted in a reduction in ponV incidence (OR 0.60, 95% CI 0.43 – 0.83), with an even 
greater reduction in ponV incidence in high-risk patients (OR 0.45, 95% CI 0.28 – 0.72).

Conclusions: Anesthesiologists administered more risk-dependent prophylactic antiemetics 
when a directive approach was used for risk-tailored intervention compared with care-as-usual. 
In contrast to the previously studied assistive approach, the increase in ponV prophylaxis 
now resulted in a lower ponV incidence, particularly in high-risk patients. When one aims for 
a truly ‘ponV-free hospital’, a more liberal use of prophylactic antiemetics must be accepted 
and lower risk thresholds should be set for the actionable recommendations. 
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C urrent guidelines on prevention of postoperative nausea and vomiting (ponV) 
recommend using risk-dependent strategies, where administration of antiemetic 
prophylaxis is based on individual risks predicted by a prediction model.1,2 Although 

several prediction models have been developed,3–6 their effect on clinical practice remains 
minimal – mainly because of poor implementation.7,8 These disappointing results of risk-de-
pendent ponV prophylaxis have resulted in an ongoing debate whether or not to shift to 
routinely administering multiple antiemetics to all patients, irrespective of their predicted 
risks.9–11 Before switching to such a new, as yet unproven strategy of administering multiple 
antiemetics to every patient, the impact of risk-dependent strategies for ponV should be 
critically evaluated.12–15 However, comparative studies assessing the actual impact of risk-de-
pendent prophylaxis on the incidence of ponV are rare.16

In a large cluster-randomized study we previously showed that assisting anesthesiologists 
by only presenting the patient’s calculated risk of ponV on-screen in the anesthesia information 
management system, but without further therapeutic directives per predicted risk, increased 
the number of prophylactic antiemetics administered by anesthesiologists.17 However, this 
change in physician decision making did not decrease the incidence of ponV. We hypothe-
sized that a greater impact would probably be achieved when being more directive by simply 
adding actionable recommendations to the presented risks.12–14,18–20

As a sequel to the previous cluster-randomized trial, the present before-after study 
aimed to quantify the effects of combining a specific therapeutic recommendation with 
the patient’s predicted risk on both the incidence of ponV and the actual administration of 
risk-dependent prophylaxis.

methods
design and participants
The present study was a prospective before-after cohort study, conducted at the Anesthesi-
ology Department of a Dutch university hospital (UMC Utrecht) in 2010. The study aimed to 
quantify the effects of a directive ponV prediction model approach – i.e. presenting predicted 
risks accompanied with non-obligatory, therapeutic recommendations – on both the incidence 
of ponV and the administration of antiemetic prophylaxis. Care-as-usual (see below) was 
studied during the before-period (January to March 2010), followed by an intervention period 
(April to May 2010), during which all physicians were provided with a recommendation on 
how many prophylactic antiemetics would be required to sufficiently lower their individual 
patients’ ponV risks (see below).

According to Dutch law, research protocols that do not subject patients to a particular 
treatment or that require them to behave in a particular way, do not apply to the Medical 
Research Involving Human Subjects Act. As the decision support tools in our study protocol 
only provided evidence-based information to physicians, the institutional ethical review board 
waived the need for individual informed consent and approved the study protocol (Medical 
Ethics Review Board, UMC Utrecht, 11 – 553).
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All adult patients undergoing general anesthesia for elective, non-ambulatory surgery 
who had visited the outpatient preanesthesia evaluation clinic were considered eligible for 
inclusion. Exclusion criteria were pregnancy, postoperative admission to the intensive care 
unit, overnight ventilation at the postanesthesia care unit, and inability to communicate in 
Dutch or English. All eligible patients from the time of study initiation were automatically 
included using the anesthesia information management system.

the prediction model
The implemented prediction model was originally developed in a population of a different 
university hospital in the Netherlands and had already been externally validated.21,22 The model 
was subsequently updated for implementation at the UMC Utrecht.23 The model consisted 
of seven predictor variables: age; gender; current smoking; type of surgery; inhalational 
anesthesia (including nitrous oxide); ambulatory surgery; and history of motion sickness or 
ponV (for a full model description see chapter 3, Table 3.1).

intervention
care-as-usual group
During the care-as-usual period, anesthesiologists were not exposed to any automated prog-
nostic information by a prediction model. The prophylactic management of ponV was not 
standardized in any way, which was according to care-as-usual in our hospital. At that time, 
the existing, local protocol for administration of ponV prophylaxis only included a preferable 
order for antiemetic drugs, their dosage and timing of administration: 1) ondansetron 4 mg IV, 
30 minutes before emergence of anesthesia; 2) droperidol 1.25 mg IV, 30 minutes before 
emergence of anesthesia; 3) dexamethasone 4 mg IV, after induction of anesthesia. Other 
prophylactic antiemetic drugs, such as NK–1 receptor antagonists, were not readily available 
at the anesthesia department during the study period.

At the postanesthesia care unit and the ward the ponV protocol consisted of rescue-treat-
ment with an antiemetic drug: either one of the above antiemetic drugs if not previously 
administered, or metoclopramide 20 mg IV. There was no scheduled ponV prophylaxis 
prescribed for patients returning to the ward.

intervention group
The prediction model was implemented as a directive decision support tool in the anesthesia 
information management system (AnStat software, CarePoint Nederland BV, Ede, The Neth-
erlands), a custom-made system written by one of the authors (LVW). The model presented 
a patient’s predicted ponV risk accompanied with an advice on the number of prophylactic 
antiemetics to administer based on that individual’s risk, i.e. a directive risk-based approach. 
The anesthesia information management system automatically presented this risk and the 
recommendation to the responsible anesthesiologist on the computer screen during each 
anesthetic case in each operating room.

The on-screen presentation was designed as a ‘traffic light’ with four colors (from green, 
through yellow and orange, to red). The initial color of the traffic light depended on the 
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patients predicted ponV risk and corresponded to the number of prophylactic antiemetics 
advised: from zero antiemetics (green) to three antiemetics (red). Anesthesiologists then 
decided whether to follow the advice and administer prophylactic antiemetics accordingly. 
The color – and hence the advice – did not change until an antiemetic drug was administered. 
The software ‘adjusted’ the predicted risk by a 26% relative risk reduction per antiemetic, 
which is the previously reported relative risk reduction.24 When the adjusted risk fell below 
a threshold of 26% plus 4% for each antiemetic that already had been administered, the 
traffic light would turn ‘green’ and no further prophylactic antiemetics were advised. The 
4% addition per antiemetic was aimed to ease the achievement of a ‘green light’ in high-risk 
patients, as very high-risk patients otherwise would never get a ‘green light’ even when 
treated with all available antiemetics.

Based on the calculations by the software tool, the predicted ponV risk was classified 
into one of four recommendation categories with an initial traffic light color: no antiemetics 
(green) below 26% predicted risk; one antiemetic below 41% predicted risk (yellow); two 
antiemetics below 62% predicted risk (orange); and three antiemetics for 62% or greater 
predicted risk (red). Recommendation thresholds were adapted from the 2007 Society of 
Ambulatory Anesthesia (samba) guidelines on the management of ponV.1 The recommenda-
tions did not specify which prophylactic antiemetics to give, but it was advised to follow the 
order of the existing, local protocol (see ‘Care-as-usual group’ section). The local protocol 
was easily accessible through a direct link on the main screen of the anesthesia information 
management system.

outcome and follow-up
The incidence of ponV was defined as the occurrence of at least one of the following events 
within the first 24 hours after surgery: an episode of nausea, an episode of vomiting, or 
the administration of any rescue antiemetic. For nausea, the patient was asked to rate their 
feeling of nausea during the preceding period on a three-point verbal rating scale (no / yes, 
a bit / yes, definitely) and for the analysis the variable was dichotomized to any nausea 
(no / yes). Vomiting was defined as the expulsion of gastric contents and was recorded as a 
binary outcome (no / yes). Research nurses and trained medical students collected data on the 
occurrence of postoperative nausea using a validated questionnaire.6,25 Data were collected 
at the postanesthesia care unit (30 minutes and 60 minutes after arrival, and when leaving 
the unit), and 24 hours after surgery at the ward. The outcome variable for ponV was coded 
as missing when any of the follow-up measurements had not been completed.

The administration of risk-dependent ponV prophylaxis (physician behavior) was defined 
as the number of prophylactic antiemetics administered per patient and was recorded in 
the anesthesia information management system. The use of total intravenous anesthesia 
was not counted as a prophylactic intervention regarding the primary outcome, as it was 
unlikely to change during the anesthetic case. However, as inhalational anesthesia was a 
predictor within the prediction model, the presented recommendation did depend on the 
type of anesthesia used.
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statistical analysis
Analysis was performed under the intention-to-treat principle. All statistical analyses were 
performed in R software (version 2.15.0). Statistical significance was defined as a two-sided 
alpha of 0.05. Continuous variables were visually assessed for a normal distribution using 
histograms and QQ-plots. Parametric variables were expressed as means with standard 
deviations, nonparametric variables were expressed as medians with interquartile ranges, 
and discrete variables were expressed as numbers with percentages.

The crude data on the administration and the incidence of ponV are shown into four risk 
categories according to the predictions and recommendations made by the decision support 
tool. Mixed-effects regression analyses were used for both outcomes: logistic regression for 
the incidence of ponV and linear regression for the number of prophylactic antiemetics per 
patient (glmer, lme4 package, R software). A random intercept was included in the models, as 
the study was clustered by anesthesiologists. For both outcomes, allocation group, predicted 
ponV risks, and interaction between allocation group and predicted ponV risk were included 
as independent variables in the model. As the primary interest was a risk-dependent effect, 
we included the interaction term between the allocation group and predicted risk. The 
interaction term quantified the difference in treatment effect (between intervention and 
care-as-usual) across predicted risks; e.g. an odds ratio below one would signify that a 
reduction in ponV because of the directive approach was greater in patients with higher risks. 
For the ponV incidence analysis predicted ponV risks were included as a continuous variable, 
i.e. the ponV risk on the log odds scale. For the analysis of physician behavior, the relation 
between the intervention (the recommended number of antiemetics per predicted ponV risk 
category) and the outcome (the actual number of administered prophylactic antiemetics) 
was hypothetically expected to be linear (0 recommended antiemetics was likely to result in 
0 administered antiemetics, 1 recommended antiemetic was likely to result in 1 administered 
antiemetic, etc.). Therefore, not the continuous predicted risk variable but rather the advised 
number of antiemetics and its interaction with allocation group were used as independent 
variables in a linear regression model with the administered number of antiemetics as the 
dependent variable.

As this was a non-randomized study, we had to adjust for potential differences between 
the care-as-usual and intervention group. Although inclusion of the predicted risk variable 
and its interaction term with allocation groups would probably adjust for most of the 
confounding, we a priori decided to additionally adjust for all variables from Table 5.1 that 
are either risk factors for ponV or may influence the decision on ponV prophylaxis (e.g. ASA 
class).26 Furthermore, the anesthesiologists may have lowered their opioid prescription rates 
in patients with a high predicted risk to prevent ponV. As opioid usage was an intermediate 
variable, we performed a separate sensitivity analysis to adjust the primary outcome analysis 
for opioid usage.

Before multivariable modelling, all continuous variables were tested for nonlinearity using 
restricted cubic splines.27 Missing data were multiply imputed (n = 10) using a regression 
approach in R (aregImpute, Hmisc package). Imputation of missing variables was based on 
predictors, outcome variables, and other perioperative data.28–31 As ponV was coded missing 
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when any of the follow-up measurements was incomplete, the non-missing follow-up measure-
ments of ponV were added to the imputation process to serve as auxiliary variables to impute 
missing values for ponV. Subsequently, the imputed values for ponV were included into the 
mixed-effects regression models, instead of deleted.32 The anesthesiologists were added as 
an extra variable to the imputation model to take into account clustering in the data.

results
A total of 1,480 patients were included in the study and analyzed: 1,022 during the care-as-
usual period and 458 during the intervention period. The mean predicted ponV risks were 
comparable between allocation periods. However, small differences in the distribution of 
predicted ponV risk categories existed between allocation periods. Differences in baseline of 
several predictor variables are likely to be related to the small differences in the distribution 
of the predicted ponV risk (Table 5.1).

In total, 81% of all follow-up measurements on ponV were completed (intervention group 75%; 
care-as-usual group 83%), with 92% of all patients having at least one follow-up measurement 
completed (intervention period 87%; care-as-usual period 94%). The incidence of ponV was 42% 
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Table 5.1 Patient characteristics

Care-as-Usual Group Intervention Group

N* (n = 1022) (n = 458)
Age, years, mean (range) 1480 52 (18 – 94) 54 (18 – 88)
Female sex, n (%) 1480 496 (49) 193 (42)
asa class, n (%) 1477

1 337 (33) 121 (27)
2 561 (55) 272 (60)
3 116 (11) 62 (14)
4 8 (1) 0 (0)

Current smoking, n (%) 1453 288 (29) 109 (24)
Surgery with a high ponV risk, n (%) 1104 82 (12) 53 (13)
History of ponV / Motion sickness, n (%) 1397 212 (22) 66 (15)
Use of inhalational anesthesia†, n (%) 1480 472 (46) 224 (49)
Predicted risk of ponV, %, mean (sD) 1480 40 (13) 39 (12)
Predicted ponV risk in categories, n (%) 1480

<26% (0 antiemetics advised) 127 (12) 60 (13)
26 – 41% (1 antiemetic advised) 443 (43) 217 (47)
41 – 62% (2 antiemetics advised) 384 (38) 161 (35)
>62% (3 antiemetics advised) 68 (7) 20 (4)

Operation duration, min, median (IQr) 1480 128 (85 – 188) 133 (86 – 206)

* N represents the total number of non-missing observations for that characteristic
† As compared to intravenous anesthesia using propofol
ponV = postoperative nausea and vomiting; IQr = interquartile range; sD = standard deviation



during the intervention period, compared with 50% during the care-as-usual period. Table 5.2 
shows the crude, risk-dependent effect of the intervention on the incidence of ponV. Confirmed 
by the regression analysis, there was a significant reduction in the incidence of ponV during the 
intervention period in comparison to the care-as-usual period (OR 0.60, 95% CI 0.43 – 0.83), 
with a greater reduction in high-risk patients (OR interaction term 0.45, 95% CI 0.28 – 0.72). 
The statistical significance of the risk-dependent reduction in ponV and the risk-dependent 
Numbers Needed to Treat (nnt) are reflected by Figure 5.1. Adjustment for baseline charac-
teristics or opioid usage did not change these results and inferences. Results of the adjusted 
and unadjusted regression analyses can be found in Table 5.3. Differences in odds ratios for 
the variable predicted risk between complete case analysis and after multiple imputations 
can be explained by the confounder correction using all predictors from the prediction model.
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TABLE 5.2 Incidence of PONV per category of predicted risk

Care-as-Usual Group Intervention Group

Predicted ponV risk in categories N* (n = 1022) (n = 458)
< 26% (0 antiemetics advised) 116 19 (23) 10 (29)

26 – 41% (1 antiemetic advised) 432 123 (41) 50 (38)
41 – 62% (2 antiemetics advised) 354 167 (64) 48 (52)

> 62% (3 antiemetics advised) 60 41 (82) 5 (50)

Data represent absolute numbers (%) of ponV
* N represents the total number of non-missing observations for that characteristic
ponV = postoperative nausea and vomiting

TABLE 5.3 Logistic regression analysis on the incidence of poNV

Unadjusted Confounder 
adjusted*

Adjusted for 
opioid usage

Complete case†

Intervention period 0.52 (0.35 – 0.78) 0.43 (0.27 – 0.69) 0.54 (0.36 – 0.81)

Predicted risk‡ 3.9 (2.9 – 5.4) 0.12 (0.0 – 7.4) 4.0 (2.9 – 5.6)

Interaction: intervention period
and predicted risk‡

0.43 (0.24 – 0.77) 0.36 (0.18 – 0.71) 0.39 (0.21 – 0.71)

Multiple imputation
Intervention period 0.64 (0.47 – 0.89) 0.60 (0.43 – 0.83) 0.66 (0.48 – 0.90)

Predicted risk‡ 2.9 (2.2 – 3.8) 0.73 (0.13 – 4.2) 2.9 (2.2 – 3.8)

Interaction: intervention period
and predicted risk‡

0.49 (0.31 – 0.77) 0.45 (0.28 – 0.72) 0.47 (0.30 – 0.73)

Numbers represent odds ratios with 95% confidence intervals. 
Bold numbers are statistically significant odds ratios.
* Adjusted for possible confounders: age (continuous, restricted cubic splines, 5 knots), gender, asa class, current 

smoking, middle ear of abdominal surgery, history of ponV / motion sickness, use of inhalational anesthesia, procedure 
duration (continuous, restricted cubic splines, 5 knots)

† Cases with missing variables were discarded
‡ The predicted ponV risk on the log odds scale
ponV = postoperative nausea and vomiting
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Figure 5.1 Graphical representation of the mixed eff ects regression analysis on the incidence of postoperative 
nausea and vomiting. Figure 5.1 may be interpreted as the occurrence of postoperative nausea and vomiting (ponV) 
aft er receiving prophylaxis, in patients with a particular predicted risk within each group. The diff erences between 
the blue and red areas represent the eff ect of implementation of the prediction model on the occurrence of ponV 
in patients with a particular predicted risk.

The solid lines and their 95% confi dence intervals (CI) represent the fi xed eff ects of the mixed eff ects 
regression analyses. The dott ed vertical line shows the intersection point of both groups. The mixed eff ects models 
included fi xed eff ects for the variables allocation group, predicted risk of ponV, interaction between allocation 
group and predicted risk, and time. Random eff ects were included for the intercept, predicted risk, interaction 
between allocation group and predicted risk, and time. The lines were calculated using the average for the variable 
time. The 95% CIs were calculated from the covariance matrix for the variables allocation group and its interaction 
term with predicted risk. The results are considered statistically signifi cant when the 95% CIs of one study group 
do not overlap with the solid line of the other study group. 

For each risk increment of 10%, the Number Needed to Treat (NNT) for ponV within 24 hours aft er surgery 
was calculated by taking the multiplicative inverse of the absolute risk reduction between the intervention group 
and the care-as-usual group. When the absolute risk reduction was negative, the Number Needed to Harm (NNH) 
was calculated instead.



The number and type of prophylactic antiemetics were documented for all patients. During 
the intervention period anesthesiologists complied with the recommendation of the clinical 
decision support tool and administered the recommended number of prophylactic anti-
emetics in 66% of patients. Although no actual recommendations were given during the 
care-as-usual period, the fictional compliance (i.e. the prescription behavior that would be 
recommended, if the decision rule had been active) was 20%, resulting in an absolute increase 
of compliance of 46%. During the intervention period 76% of the prophylactic antiemetics 
were administered at the appropriate time during the anesthetic case, compared with 72% 
during the care-as-usual period. The timing of the prophylactic antiemetics was unrelated to 
the occurrence of ponV, either at the postanesthesia care unit or at the ward.
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TABLE 5.4 Number of Prophylactic antiemetics ADministered per category of predicted risk

Care-as-Usual Group Intervention Group

(n = 1022) (n = 458)
Predicted ponV risk in categories N* 0 1 2 3 0 1 2 3

< 26% (0 antiemetics advised) 188 117
(92)

10
(8)

0
(0)

0
(0)

53
(88)

7
(12)

0
(0)

0
(0)

26 – 41% (1 antiemetic advised) 661 362
(82)

69
(16)

11
(2)

1
(0)

66
(30)

141
(65)

10
(5)

0
(0)

41 – 62% (2 antiemetics advised) 546 258
(67)

98
(26)

21
(5)

7
(2)

35
(22)

20
(12)

103
(64)

3
(2)

> 62% (3 antiemetics advised) 88 31
(46)

28
(41)

9
(13)

0
(0)

3
(15)

3
(15)

7
(35)

7
(35)

Data represent absolute numbers (%) of patients who received either zero, one, two, or three of the available 
prophylactic antiemetics: ondansetron, droperidol, and/or dexamethasone. Bold numbers represent cells where 
anesthesiologists administered the exact number of administered prophylactic antiemetics as recommended for that 
risk category (i.e. the compliance).
* N represents the total number of non-missing observations for that characteristic
ponV = postoperative nausea and vomiting

TABLE 5.5 Linear regression analysis on the number of prophylactic antiemetics

Unadjusted Confounder 
adjusted*

Confounder 
adjusted*

Complete case†
Multiple 

imputation
Intervention period 0.04 (–0.09 – 0.17) 0.06 (–0.10 – 0.22) 0.04 (–0.09 – 0.17)

Recommendation categories‡ 0.18 (0.14 – 0.23) 0.07 (–0.05 – 0.20) 0.04 (–0.05 – 0.14)

Interaction: intervention period
and recommendation categories‡

0.48 (0.39 – 0.56) 0.49 (0.39 – 0.58) 0.50 (0.41 – 0.58)

Numbers represent regression coefficients with 95% confidence intervals. 
Bold numbers are statistically significant regression coefficients.
* Adjusted for possible confounders: age (continuous, restricted cubic splines, 5 knots), gender, asa class, current 

smoking, middle ear of abdominal surgery, history of ponV / motion sickness, use of inhalational anesthesia, procedure 
duration (continuous, restricted cubic splines, 5 knots)

† Cases with missing variables were discarded
‡ Regression coefficients represent an increase in the number of administered prophylactic antiemetics per advised 

prophylactic antiemetics – i.e. per risk category
ponV = postoperative nausea and vomiting



The crude, risk-dependent eff ects of the intervention on administration of prophylactic 
antiemetics and the risk-dependent compliance are given in Table 5.4. The increase in 
administration of prophylactic antiemetics was confi rmed in the results of the linear regression 
analysis aft er multiple imputation and confounder adjustment. Anesthesiologists administered 
more antiemetic prophylaxis in a risk-dependent manner during the intervention period. In 
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Figure 5.2 Graphical representation of the mixed eff ects regression analysis on the administration of prophylactic 
antiemetics by anesthesiologists. Figure 5.2 may be interpreted as the number of prophylactic antiemetics a patient 
with a particular predicted risk of ponV would receive from any anesthesiologist within each group. The diff erences 
between the blue and red areas therefore represent the changes in physician behavior concerning prescription of 
antiemetic prophylaxis, caused by implementation of the prediction model.

The solid lines and their 95% confi dence intervals (CI) represent the fi xed eff ects of the mixed eff ects 
regression analyses. The dott ed vertical line shows the intersection point of both groups. The mixed eff ects models 
included fi xed eff ects for the variables allocation group, predicted risk of ponV, interaction between allocation 
group and predicted risk, and time. Random eff ects were included for the intercept, predicted risk, interaction 
between allocation group and predicted risk, and time. The lines were calculated using the average for the variable 
time. The 95% CIs were calculated from the covariance matrix for the variables allocation group and its interaction 
term with predicted risk. The results are considered statistically signifi cant when the 95% CIs of one study group 
do not overlap with the solid line of the other study group.



this period, for each additional antiemetic advised the anesthesiologists actually administered 
0.49 (95% CI 0.41 – 0.58) additional antiemetics (Table 5.5, regression coefficient for the 
interaction term, far right column). The statistical significance of the increased administration 
of risk-dependent ponV prophylaxis is reflected by Figure 5.2. These results were not different 
from the models without adjustment for confounding, as is given in Table 5.5.

discussion
We studied the effects of the implementation of risk-dependent ponV prophylaxis based 
on the predicted ponV risks, calculated by a prediction model. The model provided auto-
mated decision support by presenting predicted risks directly accompanied with treatment 
recommendations to anesthesiologists in the operating room, i.e. a directive approach was 
used.12–14,20 This directive approach clearly increased administration of risk-dependent anti-
emetic prophylaxis to patients and also reduced the incidence of ponV within 24 hours after 
surgery, particularly in patients with higher risks.

The results of the present study are in contrast with the results of our previous study. The 
previous study – a large cluster-randomized trial – tested an assistive approach for model 
implementation, i.e. presenting only the risk of ponV without a therapeutic recommendation. 
This assistive strategy had little effect on the ponV incidence, whereas the directive strategy of 
the present study significantly reduced (OR 0.60, 95% CI 0.43 – 0.83) the incidence of ponV 
within 24 hours after surgery.17 The difference in results between the two studies suggests 
that the impact on clinical practice may be larger when a prediction model is accompanied 
with an actionable recommendation to aid physicians in their decision making.

The impact on physician behavior in the present study is similar to other impact studies of 
ponV decision support.7,8 Kooij et al. implemented a directive decision support tool with an 
absolute increase in compliance of 40%, which is comparable with the results of our present 
(directive) study (46%). Using an assistive approach Frenzel et al. achieved an absolute 
increase in compliance of 5%, with a single feedback report, which is similar to our previous 
(assistive) study.17 Effects on the incidence of ponV (absolute risk reduction of 8%) for our 
directive approach were within the lower range of results from other studies that reported 
overall absolute risk reductions ranging from 8 to 35%.16,33–37 Unfortunately, the merit of such 
a comparison is limited, attributable to differences in actual administration of ponV prophy-
laxis, study design and study analysis. Most of the other studies did not randomize, did not 
adjust for confounding, or did not have a proper control group, which makes it challenging 
to compare their results to our study.

Regardless of a significant decrease in ponV incidence, the actual impact of the directive 
approach on ponV occurrence seems at best moderate and does not come close to its desired 
potential impact – a ‘ponV-free hospital’.38 However, differences between actual and potential 
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impact do not imply that we should discard risk-dependent strategies for administration of 
ponV prophylaxis. Several interactions between clinicians and the decision support tool need 
to be considered for our study, before coming to a conclusion.12

First, the predictive performance of the prediction model may have been insufficient to 
improve clinical decision making. The predictive performance of our prediction model was 
comparable with other ponV prediction models (c-statistic around 0.70).4,6,23 With a moderate 
predictive performance, decisions based on the model may not have been superior to care-
as-usual, i.e. clinical judgment.

Second, the interface of the decision support tool may have affected the compliance to 
the recommendations. For example, desensitization may have occurred, as the color would 
often not change during the surgical part of the case, as prophylactic antiemetics are supposed 
to be administered either at the start or towards the end of the anesthetic case.

Third, despite a large increase in risk-dependent ponV prophylaxis, physicians did not 
fully adhere to the presented risks and therapeutic recommendations. For example, patients 
in the highest risk category where three prophylactic antiemetics advised, received on average 
two prophylactic antiemetics. Several barriers to use prediction models and decision support 
have been identified in the literature and may account for the incomplete compliance by 
the anesthesiologists.39–42

Fourth, the increased administration of prophylactic antiemetics may have been an effect 
of an overall increase in attention to ponV (a Hawthorne effect), instead of an effect of the 
intervention. It is the actual goal of decision support to increase the attention for a particular 
patient problem, hence decision support systems are sometimes referred to as ‘reminder 
systems’.43 In the case of a prediction model as a form of decision support, the goal is to 
actually improve risk-dependent decision making. As there was a risk-dependent effect on 
both primary and secondary outcome in our study, it is likely that the anesthesiologists indeed 
used the information presented by the decision support tool, instead of Hawthorne effect.

The results of our study indirectly support the suggested general multimodal prevention strategy 
from the recent update of the samba consensus guidelines for management of ponV.2 In a 
general multimodal prevention strategy prophylactic antiemetics are routinely administered to 
all patients, which implies that more prophylactic antiemetics will be administered to patients 
with low to moderate risks of ponV. The risk thresholds and treatment recommendations as 
used in our decision support tool were developed from clinical considerations, as literature 
on specific treatment recommendations for our prediction model was not available at the 
time of the study’s initiation.1 From the NNT in Figure 5.1 we may observe that our prevention 
strategy was mainly effective in patients with high risks of ponV, as the NNT dropped below 
ten for patients with a predicted risk percent of 50% or greater. Would one adopt a more 
liberal approach to administration of prophylactic antiemetics, our decision support tool 
would recommend more antiemetics to patients with lower risks. This may improve NNT for 
patients with predicted risks below 50%, resulting in a ponV incidence that may be closer to 
a ‘ponV-free hospital’ than the resultant ponV incidence in our study.
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In recent literature there is an ongoing debate whether more liberal use of prophylactic anti-
emetics should be achieved by either a risk-dependent strategy or routine administration of 
several prophylactic antiemetics to every patient (a general multimodal approach).2,9–11,36 At 
this moment, neither points of view have a substantive evidence base. On the one hand there 
is a debate on the clinical utility of prediction models, as their implementation rate remains 
very low. Moreover, a general multimodal approach may facilitate implementation as ponV 
prevention becomes a professional routine and there is no need any more for a reminder. 
Decision support tools may then be reserved for more complicated clinical decisions, which 
require interpretation of more sophisticated – and non-routine – information. On the other 
hand there is a debate on the side-effects of antiemetics and a reluctance to administer 
polypharmacy with several, potentially unnecessary drugs, and a prediction model may assist 
in achieving an optimal risk-to-benefit ratio. This study adds some support for both points of 
view. It is one of the first prospective comparative studies that demonstrate that risk-dependent 
prophylaxis actually decreases the incidence of ponV. At the same time, anesthesiologists 
were only partially compliant with the presented recommendations and the absolute decrease 
in ponV incidence was limited. If the anesthesia community is willing to embrace large-scale 
multimodal prevention of ponV – as suggested by the recently updated samba guidelines on 
ponV management – this may enable us to evaluate whether a ‘ponV-free hospital’ is actually 
achievable with an acceptable rate of side-effects.

We conclude that risk-dependent ponV prophylaxis is not only efficacious in clinical trials, but 
also effective in clinical practice when a real-time, computer-based prediction model is used 
in combination with risk-based recommendations on ponV prophylaxis. We also conclude 
that implementation of a risk prediction model combined with treatment recommendations 
per predicted risk, yields better effects on clinical decision making and patient outcomes 
than the use of a prediction model without addition of such treatment recommendations. As 
the resultant ponV incidence remained high, a more liberal use of prophylactic antiemetics 
and lowering of the risk thresholds for the actionable recommendations may be needed to 
achieve a truly ‘ponV-free hospital’.
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T.H. Kappen, W.A. van Klei, L. van Wolfswinkel, C.J. Kalkman, Y. Vergouwe, K.G.M. Moons

General Discussion I: Evaluating the Impact of the Use 
of Prediction Models in Clinical Practice: Challenges 
and Recommendations



P rediction models are abundant in the medical literature.1–3 They are used to predict 
an individual’s probability of a current (diagnostic model) or a future (prognostic 
model) disease, complication or other health state. Numerous clinical guidelines 

advocate using prediction models4–6 and increasing online availability allows patients to 
calculate their own risks.7,8 Prediction models are used to predict an individual’s probability 
of a current (diagnostic model) or of a future (prognostic model) disease, complication or 
other health state. Healthcare providers and patients use such diagnostic and prognostic 
predictions to decide on the most appropriate course of action – ideally in shared decision 
making, including subsequent diagnostic testing, treatment actions, life style changes or a 
combination. A prediction model is developed from a particular data set to which it typically 
is optimally fitted.9 A model’s ability to accurately predict in other individuals should thus 
always be verified in so-called (external) validation studies.10–12 Poor validation results can 
often be improved by simply tailoring or optimizing the model to the clinical setting at hand.13,14 
However, it is important to realize that good predictive performance is no guarantee that 
clinically using a model will improve health outcomes of individuals.12,15,16 Model predictions 
first have to affect decision making.

Such effects on decision actions and individual outcomes can directly be quantified in 
so-called ‘prediction model impact studies’, where a prediction model is used in practice and 
the subsequent actions and outcomes are compared to care-as-usual.1,3,12 Randomized study 
designs provide the most robust comparisons, especially when randomized at cluster level, 
e.g. physicians or hospitals.3,12,17 An important aspect to consider when planning such an 
impact study is how the model’s predictions will be presented to physicians and/or individ-
uals. Predictions may simply be presented as a numerical probability without corresponding 
decision recommendation – an assistive prediction tool – or as a decision recommendation 
which may or may not include the numerical probability – a more directive prediction tool.1,12 
An assistive prediction tool leaves physicians more room to combine the predictions with 
their clinical judgment, whereas a directive prediction tool is said to have greater impact.18–20

Nonetheless, the vast majority of prediction models used in practice are not externally 
validated or optimized to the setting at hand, let alone that a proper impact study has been 
performed.3,10,21,22 Recent recommendations, including by these authors, have stressed the 
need for prediction model validations, adjustments and impact assessments.1,3,12 Although 
there is ample evidence that using prediction models change the behavior of physicians, 
whether they improve the quality of their decision making and subsequent patient outcomes 
remains highly inconsistent.20,23–25 The efforts required to perform a large-scale cluster-ran-
domized impact study also raises the question whether all – properly developed, validated 
and setting-optimized – prediction models should indeed be subjected to an impact study, 
and if so how this should be done.

We recently performed a series of validation and impact studies on a specific prediction 
model for postoperative nausea and vomiting (ponV)26,27 that was previously developed and 
externally validated (Table 6.1, left column).28,29 During these consecutive studies we encoun-
tered several problems with the study design, the statistical analysis and the interpretation of 
the results. We here chronologically summarize the challenges we encountered and provide 
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recommendations (Box 6.1) to address them, to help decide whether and how to design, 
analyze and interpret a prediction model impact study.

I. tailoring the model to a local setting
Before the prediction model is implemented in a new local setting, either for clinical use or an 
model impact study, it is recommended that a model’s predictive performance is first verified 
in that setting, and updated if needed.10–12 Incorrect predictions from predictive performance 
likely leads to improper treatment decisions that are unlikely to improve patient outcome. Local 
practice, medical care and patient population may not be similar to the practice and population 
from which the prediction model was derived. Tailoring or updating the prediction model in 
that setting will overcome such differences and optimize its predictive performance.12,14,29 It 
may simply suffice to adjust the baseline risk or hazard (e.g. the intercept). However, larger 
differences between populations or changes in clinical practice may require that the weights 
of predictors are adjusted or even that predictors are added to the model. Before we imple-
mented and studied the impact of the previously developed and externally validated ponV 
prediction model, we first validated and updated the model in our local setting to overcome 
several of such differences (Table 6.1).29 The original model showed a very poor predictive 
performance: c-statistic 0.62 (95% confidence interval (CI) 0.60 – 0.64) and calibration slope 
0.57 (95% CI 0.48 – 0.66). After updating, these values became 0.68 (0.66 – 0.70) and 
1.00 (0.89 – 1.10) respectively.

dealing with missing predictor values
Furthermore, to study the impact of a prediction model one needs to apply the (updated) 
model in each study participant to estimate the outcome probability. However, at the moment 
of probability calculation one or more predictor values may be missing (unobserved) in an 
individual such that the outcome probability cannot be estimated. A real-time strategy to 

Table 6.1 Predictors and regression coefficients of the original and updated model

Predictor Regression coefficients Predictor

Original model Updated model
Age (years) –0.022 –0.017 Age (years)
Female gender 0.46 0.36 Female gender
Current smoking –0.63 –0.50 Current smoking
History of ponV or motion sickness 0.76 0.60 History of ponV or motion sickness
Lower abdominal or middle ear surgery 0.61 0.48 Abdominal or middle ear surgery*
Isoflurane and/or nitrous oxide anesthesia† 0.72 0.35 Inhalational anesthesia†

N/A – –1.16 Outpatient surgery‡

Intercept 0.15 0.12 Intercept

* In the updated model the predictor included lower abdominal, upper abdominal, and laparoscopic surgery in addition 
to middle ear surgery

† As compared to intravenous anesthesia using propofol
‡ Predictor not included in the original model 
ponV = postoperative nausea and vomiting
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BOX 6.1 Lessons learnt on prediction model implementation

I. Tailor the prediction model to the local setting
Verify the PredictiVe PerfOrmaNce Of the PredictiON mOdel iN the lOcal settiNg
A prerequisite for a good prediction model when implemented in practice, is that its predictions are accurate. 
Local practice, medical care and patient population may not be similar to the practice and population from 
which the prediction model was derived. Before a prediction model is used in clinical practice its predictive 
performance in the local setting at hand should be validated.

UPdate the PredictiON mOdel tO OPtimize the PredictiVe PerfOrmaNce iN the lOcal settiNg
When the prediction model does not sufficiently perform in the local setting the model should be updated. 
Simple adjustments to the prediction model, e.g. of the baseline risk/hazard or predictor weights, may overcome 
the problem of poor predictive accuracy.

Real-time strategy tO haNdle missiNg PredictOr Variables at the time Of risk calculatiON
When estimating the model’s probability, one or more predictor values may be missing. Based on the other 
predictors of the model, additional patient information, and information about the local clinical process and 
logistics the missing value may be estimated using a real-time imputation strategy. A multivariable imputation 
strategy is preferred over simply omitting the predictor variable or using an overall mean value.

II. Design a tailored format for the prediction tool that maximizes the ease of use
Add a decisiON recOmmeNdatiON tO the Predicted PrObabilities
A directive prediction tool provides a recommendation on further diagnostic, treatment, or preventive inter-
ventions that corresponds with the predicted probability. A directive prediction tool may be easier to use 
by physicians in their decision making, than when an assistive prediction tool provides only the predicted 
probabilities without recommendations.

AutOmatic calculatiON aNd PreseNtatiON Of the mOdel’s PrObability withiN the PhysiciaN’s wOrkflOw
Minimizing manual predictor value entry and integrating the estimation of the model’s probability in the electronic 
patient record, facilitates the ease of use of a prediction model by care providers. In addition, probabilities 
need to be presented at the time of actual decision making. For example, physicians are more likely to use a 
predicted probability that automatically pops up in the electronic patient records, than a probability for which 
they have to manually enter patient data in a web-based prediction tool.

PrOVide the reasONiNg aNd/Or research eVideNce behiNd the Predicted PrObability
The reasoning and research evidence of the underlying prediction model, e.g. indicating which predictors are 
included in the model and their relative weights, should be explained to the users. This enhances face value, 
acceptation and belief in the model and thus the willingness to use the model’s probabilities to guide their 
decision making.

III. Tailor the prediction tool to its causal pathway
ImPlemeNtiNg a PredictiON tOOl is a cOmPlex iNterVeNtiON that has multiPle, iNteractiNg cOmPONeNts
A prediction tool affects patient outcome through a causal chain that consists of the model’s predictions, the 
physicians who make the decisions, and the subsequent interventions that are applied. The components of 
the causal chain do not simply ‘add up’ to an effect on patient outcome, but interact with each other. The 
prediction tool may thus have unintended downstream effects on patient outcome. 

CONsider tO study the effects ON bOth PhysiciaN behaViOr aNd PatieNt OutcOme
The downstream effects of a prediction tool are not always predictable. Changes in process or behavior may 
not be sufficient to improve patient outcome. Nonetheless, studying the effects of a prediction tool on patient 
outcome typically requires more time and money. 
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The Predicted PrObabilities caN haVe uNiNteNded NegatiVe effects ON decisiON makiNg
The predicted probabilities – and recommendations – of the prediction tool are designed to improve the 
decision making of physicians. However, the probabilities may also be a distraction or a nuisance to physicians, 
which may have a negative effect on their decisions and patient outcome.

The Predicted PrObabilities may be related tO the PathOPhysiOlOgic mechaNisms Of the 
aPPlied iNterVeNtiONs
The predicted probabilities are typically calculated from several patient and disease characteristics. The 
same patient and disease characteristics may be related to the pathophysiological mechanism of the possible 
interventions. However, when this is an inversed relation, a patient with a high predicted probability of a health 
condition will not respond well to the intervention.  

UNiNteNded effects shOuld be cONsidered duriNg the desigN Of the PredictiON tOOl
Understanding the causal chain of the prediction tool may help anticipate on unintended effects of the predic-
tion tool. This may help to tailor the format of the prediction tool to the local clinical setting and improve the 
effectiveness of the prediction model as a complex intervention.

IV. Design and analysis of an impact study
COmPare the use Of a PredictiON mOdel tO care-as-usual
Physicians are not naive in patient selection and making interventional decisions. A prediction model should 
be compared to the usual care of physicians to demonstrate its added value to clinical decision making.

A cluster-raNdOmized trial may be the OPtimal desigN
A cluster-randomized trial may be the optimal design to quantify the effects of a prediction model on physician 
behavior and patient outcome. Randomization of practices or practitioners aims to prevent contamination 
between study groups. Nonetheless, a cluster-randomized study does not always provide a conclusive answer 
(see the text of this manuscript). The time and costs to perform a cluster-randomized study should be weighed 
against its expected informational value.

BaseliNe measuremeNts befOre the start Of the cluster-raNdOmized trial
It is not always possible to prevent contamination between study groups in a cluster-randomized impact study. 
Baseline measurements for both the intervention and care-as-usual group may provide additional information 
on contamination and Hawthorne effects. In addition, it allows to more closely observe the individual change 
in behavior of physicians that are exposed to the risk predictions.

ANalyze the results Of the study cONditiONal ON the Predicted risk
A risk-dependent change in behavior is expected, thus both physician behavior and patient outcome should 
be studied for risk-dependent differences between study groups. In other words, the predicted risk is an effect 
modifier and should be handled as such in the statistical analysis, e.g. through stratification or include it as an 
interaction term with ‘study group’ in a regression model. 

All PredictOr Variables shOuld be aVailable fOr care-as-usual PatieNts
A risk-dependent analysis of the results of the study requires that predicted risk can also be calculated for 
care-as-usual patients. When the prediction model contains only signs and symptoms as predictor variables, 
this will generally not pose a problem. However, more costly or more invasive predictor variables should also 
be collected for care-as-usual patients.

V. Understanding the results of an impact study
AdditiONal iN-dePth iNfOrmatiON may imPrOVe uNderstaNdiNg Of the results
Alternative sources of information may help to understand which factor of the causal chain of a prediction 
tool is the weakest link and how that factor may be changed to improve the intervention. Such additional 
information may be acquired through both qualitative and quantitative methods.
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impute the missing value is preferred over omitting the predictor from the model or imputing 
an overall mean value of that predictor.29,30 Missing predictor values may better be estimated 
using other observed information on that patient, including the other predictors of the model. 
Other – less obvious – sources of information can also be considered.29 In our example, the 
moment of prediction and thus the first use of the model is at the beginning of the surgical 
procedure. Type of surgery, one of the predictors (Table 6.1), was sometimes only available 
as free text. We estimated this predictor value based on the surgical specialty that was 
performing the procedure.

II. the format of the prediction tool

assistive versus directive prediction tools
Current literature suggests that a directive prediction tool – i.e. with risk-corresponding 
decision recommendations – may have greater impact on physician decision making than an 
assistive format – i.e. without such recommendations.1,12,18–20 However, the scientific evidence 
for recommending a directive format is mainly derived from reviews in which studies with and 
without specific recommendations are compared for their rate of successful implementation. 
These reviews do not provide a direct comparison of an assistive and a directive format for 
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a single prediction model within a single population. We studied the impact of the use of an 
assistive versus a directive prediction tool.

To observe the impact of the assistive ponV prediction tool in a cluster-randomized 
trial, we randomized 57 physicians of the Anesthesia Department at the University Medical 
Center Utrecht and evaluated outcomes in the 12,000 surgical patients that they treated.26 
When a physician registered his/her name at the start of the procedure in the intraopera-
tive electronic patient record, it was verified whether the physician was randomized to the 
intervention or care-as-usual group. For the intervention group physicians, the predicted 
ponV probabilities of their patients was presented on-screen during the entire procedure, 
but without corresponding recommendations on the number of prophylactic antiemetics 
to administer. We found that in the intervention group more prophylactic antiemetics were 
administered: overall rate ratio 2.0 (95% CI, 1.6 – 2.4) (Figure 6.1).

Unexpectedly, this increase in risk-dependent prophylaxis was not accompanied by a 
decreased ponV incidence: overall odds ratio, 0.97 (95% CI, 0.87 – 1.1) (Figure 6.2). Hence, 
the prediction tool changed physician behavior, but this did not translate into improved 
patient outcomes. Prompted by this result, we implemented the prediction model as a direc-
tive prediction tool and added a recommendation on the number of prophylactic antiemetic 
drugs, given the patient probability.27 This study was a before-after study in the same setting, 
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after the cluster-randomized trial had ended. In contrast to the assistive prediction tool in 
the first impact study, the directive prediction tool now also substantially improved actual 
patient outcome (Figure 6.2): overall odds ratio, after adjustment for baseline differences: 
0.60 (95% CI, 0.43 – 0.83).

The results of this comparison shows that a directive prediction tool changes physician 
decisions more than an assistive prediction tool, with a subsequent measurable improvement 
in patient outcome. To our knowledge, this is one of the first comparisons that demonstrates 
in a single population of physicians and patients that a directive prediction tool has a greater 
impact on clinical practice than an assistive prediction tool.

the physician’s perspective
To understand how physicians use predicted probabilities in their decision making, we subse-
quently performed interviews and a structured survey among the participating physicians 
in the intervention groups] We found (Box 6.2) that using a prediction tool may require 
substantial cognitive effort from physicians. Apparently it is not trivial to convert predicted 
probabilities from a prediction model into a specific therapeutic decision. The physicians 
reported that adding decision recommendations to predicted risk categories decreases the 
required cognitive effort and increases the ease of use of the prediction tool, which was 
supported by the before-after study’s results.31–33

Specific design features can improve a prediction tool’s ease of use. Automatic provision 
of the predicted probabilities and smooth integration with the physician’s workflow are also 
key factors to improve usability, which may increase the impact on patient outcomes.20,19 
Furthermore, a prediction tool may better aid physicians in decision making when the 
reasoning and research evidence of the underlying prediction model is also provided.20,19 
When physicians are well informed of which predictors actually contribute to a predicted 
probability for a particular outcome, it enhances understanding of the predicted probabilities 

Box 6.2 Summary of RESULTS FROM the interviews and surveys*

Barriers fOr usiNg risk PredictiON mOdels iN cliNical Practice
 » The predicted outcome is not a main area of attention for the physicians.
 » The decision making process of physicians is intuitive rather than analytical.
 » The probabilistic knowledge of the outcome is difficult to use in decision making, certainly 

when the probability estimate it is not accompanied by corresponding (e.g. therapeutic) 
management recommendations (assistive prediction model).

 » A prediction model does not weigh the benefits and risks of prophylactic drugs with regard 
to the patient’s comorbidity.

ponV = Postoperative Nausea and Vomiting
* After the cluster-randomized trial of the assistive implementation of the ponV prediction model, we interviewed 
and surveyed the physicians that participated in the trial to explore how the predicted probabilities influenced 
physician decision making, and which presentation format was considered most useful.
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and adherence to the corresponding management recommendations. From user feedback 
we learned that the tool’s format should thus be designed to maximally facilitate physicians 
in using the predicted probabilities and recommendations for their decisions.20,24,34,35

III. the causal pathway of the prediction model

the importance of studying patient outcome
Although a prediction model simply presents an individual’s predicted probability, when 
used in a decision support tool it should influence decision making sufficiently to improve 
the individual’s health outcome. The ‘causal pathway’ through which a prediction model can 
affect patient outcomes consists of the accuracy and presentation of its predictions, the 
interpretation by physicians, as well as the interventions or management they apply based on 
the presented model information. This suggests that, provided the efficacy of the intervention 
is known from previous trials, one can study to what extent the use of a prediction model 
changes treatment decisions, and quantify the impact of the use of the model on patient 
outcomes from the decision changes and the efficacy of the intervention.

Some, including ourselves, previously proposed that a prediction model may not have 
to be studied for its effects on patient outcome when the efficacy of the intervention has 
been established.12,16,36 However, the downstream effects of using a prediction model in 
clinical practice are not always predictable. In our example, the efficacies of the various 
prophylactic antiemetics were well established by several randomized trials and meta-anal-
yses.37,38 Nevertheless, despite an increased administration of prophylactic antiemetics in the 
cluster-randomized trial of the assistive model, there was no change in the ponV incidence 
(Figures 6.1 and 6.2). This discrepancy in results may indicate that either the predictive perfor-
mance of the model was insufficient, the impact on physician decision making was still too small, 
or the antiemetic drugs were not as effective as they were efficacious in previous randomized 
trials and meta-analyses, or a combination. Given the design of the study and of the index 
intervention – i.e. a combination of the predicted probability, physician interpretation, and 
treatment effect – the individual role of each in explaining the discrepant results cannot be 
disentangled. Clearly, introducing clinical use of a prediction model with subsequent manage-
ment actions is a complex intervention.15,39 As the multiple components interact, the effect of 
a prediction tool on patient outcome is not simply the sum of the consecutive components.40 
Changes in process or behavior may thus not always be sufficient to improve outcome and 
it may be necessary to formally study the effects on patient outcome. The challenge is to 
determine when this is necessary. When one better understands which factors determine 
physician decision making, one could identify specific situations where there is a substantial 
risk of unintended effects and thus a need to study patient outcome.

unintended effects of the prediction tool
The intended effect of the prediction tool is to help physicians select the right intervention for 
the right patient. But physicians will regularly use other information in their decisions than only 
the information presented by the prediction tool (Box 6.2). As this other information is not 
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captured by the predictors, the predicted probabilities may have an unexpected interaction 
with such information. In our example, several pathophysiological mechanisms contribute 
to the predicted outcome of ponV and the predictors are related to these mechanisms. For 
example, nausea and vomiting may be caused by abdominal distension which is reflected by 
the predictor ‘abdominal surgery’ (Table 6.1), whereas anesthetics and opioids may invoke 
nausea through the chemoreceptor trigger zone, which monitors the presence of systemic 
toxins. Nonetheless, most of the antiemetic drugs act on the chemoreceptor trigger zone and 
may not be as effective for abdominal causes of nausea and vomiting. A patient with certain 
risk factors may not respond to an intervention that does not act on one of the causative 
pathophysiological mechanisms.

The consequence of the interaction between the model-predicted probabilities and the 
intervention, depends on how physicians respond to the predicted probabilities.15 When 
physicians are aware of the pathophysiology underlying both the predicted risk and the 
expected result of the intervention, they are more likely to select that intervention (Box 6.2). 
In contrast, when physicians do not acknowledge the pathophysiology underlying the predicted 
probabilities, they may simply select any intervention or no intervention at all. In such cases 
a prediction tool may do more harm than good. It is even conceivable that without exposure 
to the prediction tool, physicians might have obtained a better outcome by simply basing 
their management on patient factors and pathophysiologic reasoning. Awareness of such 
phenomena may help to improve the presentation and format of the prediction model.15,40,41

IV. design and analysis of the actual impact study

study design
The most important feature of a prediction model impact study is that the exposure to the 
studied prediction tool (intervention group), either assistive or directive, is compared to a group 
that is not exposed to the model and its predictions (care-as-usual group). It is important to 
note that in the intervention group a learning curve may occur: after repeated exposure to 
the predictions in a variety of patients, physicians will become better at estimating the risk in 
subsequent similar patients – even without actual use of the model.12,16 In a typical, non-clus-
tered, randomized trial this learning curve may very likely dilute the effectiveness and impact 
of the model use: patients are randomized to either the intervention or care-as-usual, yet their 
physicians participate in both groups.17 The effects of a learning curve may be minimized, though 
not completely prevented, by randomization at a cluster level, e.g. physicians or hospitals.42 
Then, each physician participates in either the intervention or care-as-usual group. By defi-
nition, only physicians of the intervention group may – unintendedly – experience a learning 
curve, which does not necessarily lead to a dilution of the contrast between the two groups.

The major drawback of randomization at the cluster-level is that the study requires a larger 
sample size and will thus more time and resources. Less costly alternatives are available, such 
as a non-randomized before-after study, where one obviously needs to compare and adjust 
for baseline differences between the two groups.12,16 However, before deciding to conduct 
a prospective impact study, randomized or not, one might first conduct a decision analytic 
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modelling approach.3,12,43 Before studying the impact of a prediction model in a longitudinal 
impact study, one may first study how a prediction model changes treatment decisions in a 
cross-sectional design – i.e. without studying patient outcome.12,16 Provided that the efficacy 
of the treatments is known, one can actually quantify the impact of using the model on 
patient outcomes. Although these alternatives are more prone to bias, a negative result may 
indicate that a cluster-randomized trial is not yet warranted.

Once a cluster-randomized trial design has been chosen to study the impact of a 
prediction model, one might consider to do pre-trial observations of the potential users and 
their decision making behavior.44,45 Observing the (care-as-usual) behavior of all physicians 
before the start of the trial has the advantage that one is able to quantify how physician 
decision making changes within each study group, which may help to interpret the study’s 
results. In our example, physicians of the care-as-usual group also provided risk-dependent 
ponV prophylaxis to their patients without explicitly using a prediction model (Figure 6.1). 
Although it may simply represent their clinical expertise, after the study one cannot distinguish 
this from Hawthorne effects or contamination between study groups.20,45,46 Such pre-trial 
observations would also have enabled us to verify whether physicians who are more inclined 
to treat ponV, were indeed equally distributed between the study groups.

risk-dependent analysis of the results
The aim of prediction models is to encourage risk-tailored management of individual patients. 
Consequently, the effects on physician decision making and patient outcome are expected to 
be risk dependent. High risk patients will receive more ‘intense’ interventions (a higher number 
of drugs or a higher dose) than low risk patients. This risk-dependent effect is expected to 
be larger in the intervention than in the care-as-usual group. The statistical analysis should 
thus study the results for risk-dependent differences between study groups. The predicted 
probability should be handled as an effect modifier, e.g. including it as an interaction term 
with ‘study group’ in a regression model. A prerequisite for such analysis is that the model’s 
predicted probabilities can be estimated for the patients in both study groups. This requires 
that the patient values of the model predictors should also be observed in the control group. 
In our example, this was easy since only patient and procedure characteristics comprised 
the model predictors. However, when a prediction model includes laboratory values, genetic 
tests or results from invasive diagnostic procedures as predictors, obtaining this information 
from the patients in the control group is more cumbersome and subject to ethical constraints.

V. interpreting the results of the impact study
As implementing a prediction tool – presenting predicted probabilities in combination with 
subsequent management actions – is a complex intervention, it may prove difficult to interpret 
the results of an impact study.15,39,40,47 When there is a large effect on decision making and 
patient outcome, we may simply conclude that the prediction tool is effective and should 
be implemented on a large scale.48 However, more subtle effects or conflicting effects 
between decision making and patient outcome – such as in our cluster-randomized study 
(Figures 6.1 and 6.2) – are more challenging to understand.39,41 Additional information about 
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the processes of decision making – or other components of the causal pathway described 
above – is then essential to understand the intricate downstream effects of prediction 
models.15,39,40 For example, physicians reported during the interviews that one needs to know 
the cause of ponV to treat it correctly (Box 6.2). This made us realize that the prediction 
model predicts an overall probability of ponV and does not reflect a specific pathophysiologic 
mechanism that causes ponV. As we discussed in a previous section, we learned that the 
prediction model may thus have an unintended interaction with the applied interventions.

concluding remarks
Evaluating the clinical impact of using a prediction model in a large-scale comparative study 
requires a phased approach tailored to the specific decision and the local setting in which 
the model will be used. The format of the prediction tool – e.g. assistive or directive – should 
be carefully designed to minimize any unintended effects. Knowledge of the current behavior 
of the intended users, and their perspectives on risk prediction models in general, will be 
extremely helpful to determine how to best present the model, to design the study and 
interpret its results.

Currently, the number of published clinical prediction models is overwhelming.2,3,49 It is 
simply impossible to study all these prediction models in prospective impact studies. There are 
just not enough human beings to do so: ‘the world is not enough’.50 Prospective comparative 
impact studies, randomized or not, are costly and require much effort, especially when patient 
long term effects can only be observed after substantial follow-up time.12,16 We recommend 
not to envision any impact study before the developed model is at least once validated in 
individuals not used to develop the model (external validation).1,3,10–12 When externally validated, 
subsequent tailoring to the setting in which the model impact is to be studied, as explained 
above, is highly recommended. We believe it is only cost-effective to perform a prospective 
comparative impact study when there is a reasonable chance to find a relevant positive 
effect on decision making and patient outcome. It may prove to be more cost-efficient when 
one first studies how a prediction model changes decision making by physicians in clinical 
practice.12,16 This may be done by either studying the effects of implementing the prediction 
model on physician’s behavior or on other process variables in a non-randomized study, or 
estimating the potential effects of model prediction and subsequent treatment effects using 
a decision analytical study. The results of such studies may help to decide whether or not 
to proceed to a comparative, prospective impact study. It can separate the wheat from the 
chaff. When the results of such studies and analysis indicate that a models is potentially 
effective, the results may also be used to plan the subsequent impact study. The results may 
help to optimize the design of the impact study – e.g., which subgroups will most likely to 
benefit from the model’s use – and to improve the study’s analysis – e.g., which additional 
information needs to be documented.
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General Discussion II: Decision Support in the Context 
of a Complex Decision Situation



P rediction models in health care estimate patient-specific risks of current or future 
conditions in new patients. By presenting patient-specific risk predictions to physicians, 
prediction models provide personalized decision support that aims to improve clinical 

decision making.1,2 However, the evidence indicating that such decision support tools improve 
the quality of clinical decision making and patient outcome, remains highly inconsistent.3–7 
Current literature on clinical decision support suggests that adding therapeutic recommenda-
tions to the risk predictions will improve the effectiveness of the decision support tool.6–8 The 
patient-specific risk prediction is merely a single factor in a highly complex decision making 
process. Consequently, the addition of a recommendation to the risk prediction may provide 
the clinical context that is required to make a personalized decision for an individual patient.6,9

In a recent series of studies, we added therapeutic recommendations to risk predictions 
of postoperative nausea and vomiting, which improved both the decision making of physi-
cians and patient outcome.10–12 Despite the improved effectiveness of the decision support 
tool, physicians did not comply with the recommendations in 34% of their patients, and 
many patients still suffered from nausea and vomiting after their surgical procedure. One 
explanation would be that the physicians took individual patient factors into account such 
as patient comorbidities or even patient preferences, and deliberately decided not to comply 
with the recommendations in 34% of their patients. An alternative explanation would be that 
the addition of recommendations did not provide the physicians with sufficient insight to 
value the recommendations for individual patients. The physicians could not decide whether 
the recommendation was either right or wrong, because in their view that depends entirely 
on the clinical context. Simply presenting more information to physicians is not the same 
as placing the information from the decision support tool within the clinical context – or 
‘contextualizing’ the decision support tool. In this article we will first argue that most current 
decision support tools are decontextualized. We then discuss how physicians rely on clinical 
context to handle the complexity of a clinical situation. Finally, we will argue that because of 
this complexity, decision support tools that contextualize predictions will be more effective 
in supporting physicians in decision making.

decision support
‘Clinical decision support’ generally refers to electronic systems that aim to help physicians 
make better clinical decisions, which in turn should improve the outcome of their patients.13 
The concept here is similar to that of physician decision making: decision support uses 
individual patient and disease characteristics to provide physicians with patient-specific risk 
predictions or risk-based recommendations on treatment or diagnostic testing.6,14 The predic-
tions and recommendations may help physicians to analyze and manage the complexity of 
decision situations and reduce the cognitive workload of their decision making.6,15 Current 
literature suggests that, for optimal effectiveness, decision support needs to blend in with 
the process of routine care and the presented predictions and recommendations should be 
embedded in the clinical context.5,6,16–18 Contextualized decision support then minimizes the 
attentional resources that are required from physicians to interpret and use the predictions 
and recommendations in their decisions.
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However, these claims seem to be largely unfounded, as decision support has failed to 
demonstrate that it improves patient outcome on a large scale.5,19,20 From the theory of soci-
otechnical systems we know that the interaction between physicians and decision support 
tools will produce both ‘designed’ and ‘unintended’ changes in the existing decision making 
routines of physicians.2,21–23 Such unintended consequences can paradoxically increase the 
cognitive workload of physicians or prevent the decision support from having a beneficial 
effect on patient outcome.1,2 This does not mean that we should question the need for contex-
tualized decision support. On the contrary, the unintended changes in decision routines and 
the inability to improve patient outcome indicate that many decision support tools are still 
decontextualized and do not necessarily manage complexity as well as they aim to.

decision complexity
A decision becomes complex when the outcome of the decision is difficult to predict, despite 
the fact that one is reasonably informed about the individual components of the decision 
and their interrelations.24 From this rather abstract definition we can establish that the level 
of complexity of a decision is not simply determined by the number of components and 
interrelations that are involved in a decision. Rather, the complexity depends on the (un)
predictability of the effects of a decision from the components and interrelations that are known 
at the time of decision making. Consequently, in addition to the information that is available 
to the physicians, we also need to consider the information that the physicians are missing.

the available information
A basic decision on a medical intervention requires at least three pieces of clinical 
information: 1) the future risk of harm from the natural course of the disease (i.e. the 
prognosis); 2) the expected benefit from the intervention (i.e. the effectiveness); and 
3) the nature and likelihood of harm from the intervention (side effects or complications). 
When these three informational components are exactly known for an individual patient the 
decision is relatively simple. It is a choice between two prognoses: either the risk of harm from 
the disease – or the reduced risk of the disease after treatment, even after factoring the harms 
of the intervention. Since it is clear how the decision will affect outcome, the patient can 
weigh the two options according to his or her personal preferences and come to a decision.

Such a clear-cut decision situation is merely hypothetical. Even for the simplest clinical 
decision the exact risks and benefits are not known for an individual patient and can only 
be approximated by probability estimations. There are three major methods for acquiring 
medical knowledge that a physician can use to estimate the probabilities for an individual 
patient: clinical research, pathophysiologic understanding, and clinical experience.25,26 It is 
important to note that these methods do not necessarily have to estimate the probability in 
a quantitative way. To estimate the probabilities of risks and benefits for an individual patient, 
the knowledge that is acquired through each method has to be made patient-specific. This 
requires specific characteristics of the individual patient and the current disease state – i.e. 
the clinical context – such as the patient’s demographics, lifestyle factors, results of diagnostic 
testing and comorbidity. The complexity of a clinical decision then becomes apparent. Many 
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of these variables are interrelated, e.g. diagnostic testing depends on signs and symptoms, 
signs and symptoms may depend on comorbidity, etc. The greater the number of variables 
comprised in the clinical context, the greater number of interrelations will be involved. Further, 
each probability estimate for either a risk or an expected benefit is likely to be based on all 
three of above mentioned methods of knowledge acquisition, whereas all these methods use 
many of the same patient and disease variables. This greatly increases the number of possible 
interrelations in the decision. Even a basic medical decision is thus easily complicated by its 
clinical context.

the missing information: uncertainty and ambiguity
Notwithstanding the amount of information that is involved in the decision, it would still be 
possible to estimate the probabilities of risks and benefits for an individual patient when all 
the variables and interrelations are exactly known. It would be quite an undertaking for a 
physician – although not insuperable – whereas it would be very easy for a decision support 
tool. However, in most decision situations the variables and interrelations are not exactly 
known – there is missing information. Most diseases do not manifest themselves through 
textbook signs and symptoms, patients do not always report all aspects of their lifestyle, and 
most diagnostic tests do not have a perfect predictive value. Accordingly, in many clinical 
decisions complexity truly complicates decision making .

How much the missing information increases the complexity of a decision depends on 
what part of the information is not available. When one knows that a particular variable or 
one of the interrelations is involved in a decision, but we do not know its exact value, the 
information may either be uncertain or ambiguous. Uncertainty means that we are informed 
about the value but it lacks precision* – i.e. only the probability distribution of a variable or 
interrelation is known.27–29 An imperfect diagnostic test is a good example of uncertainty, as 
we do know the probability of a diagnosis from the predictive value of the test, but we do not 
know whether in this instance the test is correct. Although uncertainty definitely adds to the 
complexity of a decision, with the right information it is still possible to calculate a probability 
estimate for the risks and benefits for an individual patient. The uncertainty in the variables 
and interrelations then results in uncertainty of the probability estimates for risks and benefits. 
A decision support tool is able to calculate the probability estimates with relative ease, through 
the use of sophisticated statistics and machine learning algorithms. Nonetheless, even under 
uncertainty, a rational patient would still be able to weigh the risks and benefits of treatment 
in a quantitative way and come to a decision according to his preferences.

Information is ambiguous when we understand the concept of the variable or the inter-
relation† (we may even know the set of possible values), but we do not know the probability 
or the distribution of those values – at least not in a quantitative way.27–29 Ambiguity exists 

* Precision in this instance does not refer to the statistical terminology of ‘precision’ and ‘accuracy’, as at the 
time of decision making one cannot distinguish between a random or systematic error for a single value. 

† Note that when a variable or interrelation is unknown, its concept is not known and there is no information, 
it does not directly contribute to the complexity, as such a variable contains information that is missing but not 
information that is available. Such an unknown factor is more likely to be a cause of ambiguity or uncertainty.
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when a variable has multiple interpretations that coexist and may even oppose each other, 
or when its information is indistinct or ill-defined.27,28 Ambiguous variables and interrelations 
are ample in clinical decision situations, e.g., atypical signs and symptoms, or interobserver 
differences for a diagnostic test. As a result of the ambiguity in variables and interrelations, 
the expected risks and benefits can no longer be quantified. Ambiguity thus greatly decreases 
the predictability of the effects of a decision on patient outcome, which makes it much more 
difficult for patients to weigh risks and benefits.

Moreover, the preferences of patients – or physicians – are often ambiguous as well. 
For example, postoperative nausea and vomiting is very unpleasant for patients undergoing 
surgery and up to three different antiemetic drugs may need to be administered for effective 
prophylaxis.30 Although the risk of serious adverse drug events is probably very low (below 
one in one thousand), there is still a non-zero risk of a fatal cardiac arrhythmia or a serious 
infection of the surgical site. How does one value the risk of a fatal cardiac arrhythmia due to 
prophylactic treatment – even when its risk is one in one hundred thousand – against being 
nauseous and vomiting for 24 hours? Especially, when considering that the antiemetic drugs 
only reduce the risks of nausea and vomiting and cannot guarantee their prevention. Such 
ambiguity is more of an ‘ethical’ nature, in contrast to the more ‘technical’ ambiguity of the 
medical variables and interrelations. The ethical and technical ambiguity are also interrelated, 
as the difficulty for a patient to decide on such an ethical dilemma will depend on his or her 
ability to understand the risks and benefits that are presented by the physician. The complexity 
of a clinical decision is thus determined by the number of variables and interrelations that 
comprise the clinical context, the amount of uncertainty and ambiguity that is associated 
with them, and the ethical ambiguity of personal preferences. In the next sections, we will 
separately discuss the way that physicians and decision support tools handle complexity.

physicians and decision complexity
Regardless of their complexity, clinical decisions will have to be made by patients and physi-
cians. A good decision can only be made when all important elements – variables, preferences, 
interrelations – of the decision are considered, even when these elements are ambiguous. 
One strategy for physicians to handle the ambiguous elements in their decisions would be 
to somehow interpret and weigh the value of the elements. The estimated values for the 
ambiguous elements can then be used in the calculation of the probability estimates of risks 
and benefits. Nonetheless, the time and effort that would be required to weigh the value of 
all ambiguous elements and to analyze their interrelations with other decision elements would 
impose a far too great workload on a physician.31,32

Instead of relying on the slow and more analytic type of reasoning – also known as 
Type 2 reasoning – physicians rely on a faster and more intuitive type of reasoning – known 
as Type 1 reasoning – to deal with everyday decision complexity.33–36 Type 1 reasoning uses 
experience-based strategies for problem-solving – or heuristics – that allow people to judge 
frequencies or possibilities in a fast and frugal way.37 A physician will try to recognize the context 
of a complex decision, rather than try to understand the context and the complexity.22,38,39 
A recognized context then becomes a frame of reference for all relevant information that 
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the physician has learned to associate with the context, such as typical and atypical signs 
and symptoms, diagnostic testing, treatment options, etc. As the context is recognized in an 
intuitive, imprecise yet reliable way, it allows physicians to accept the complexity of a decision 
as it is – contextualization of the decision situation thus simplifies the decision itself. It then 
becomes much easier to interpret specific elements of the decision, to reason on risks and 
benefits and to communicate clinical information to other healthcare workers and patients.40 
The ‘fuzzy’ recognition of complex patterns within the clinical context enables physicians 
to handle ambiguous information, which they may use in further analytic and reflective 
reasoning (Type 2 reasoning).40,41 Physicians also acquire additional contextual information to 
understand how clinical information was produced, e.g. knowing who performed a diagnostic 
test may be informative of its reliability.42 This production-contextual information may allow 
physicians to interpret otherwise ambiguous variables and weigh the value of those variables 
in their decisions. Contextualization of a decision situation thus provides a highly efficient 
heuristic for physicians to handle the complexity of clinical decisions while maintaining an 
acceptable workload.40,43

decision tools and decision complexity
Decision support tools rely on the use of algorithms to provide risk-based predictions and 
recommendations. The algorithms may use any of the sources of medical knowledge to esti-
mate the risks and benefits: clinical research, pathophysiologic understanding, and clinical 
experience. Today’s computers are so powerful that decision support tools that must quickly 
handle lots of data are no longer limited by processing power. It thus seems intuitive that 
decision support tools are well equipped to model risks and benefits for complex decision 
situations, as long as there is sufficient data to do the necessary calculations. However, as 
decision support tools use algorithmic approaches to model the risks and benefits, they 
require quantifiable variables and interrelations as inputs. They thus do not easily handle 
ambiguous information. The greater the amount of ambiguity in decision situations, the 
greater the need for heuristics, which allow physicians to consider all available information, 
including the ambiguous elements.

decision tools and physician interaction
The predictions and recommendations from decision support tools may still be very useful to 
physicians, even when there is ambiguity involved. For decision support tools to be useful in 
ambiguous decision situations, they have to effectively communicate their risk-based predic-
tions in such way that physicians will be able to weigh the predictions in their decision making. 
When a decision support tool only presents quantitative risk predictions, it communicates 
decontextualized and analytic information to physicians, who may find it quite difficult to 
integrate in their more heuristic decision making process.12

The communication between a decision support tool and physicians is analogous to a 
native speaker who tries to communicate with a non-native speaker – as a decision tool can 
be considered ‘native’ in using probabilities and probability distributions. Even when the 
message is correctly phrased by the native speaker, it may require a lot of time and attention 
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from the non-native speaker to understand the message. The message may even be incorrectly 
understood by the non-native speaker. Without a proper context the predictions are thus 
likely to increase the workload of physicians,1,2 or may have an unintended negative effect 
on the quality of decisions – and may even result in a worse patient outcome.21–23 This would 
make physicians fall back on their clinical experience and thus rely more on heuristics. The 
difficulty to use the decontextualized predictions will prove greater for physicians when the 
decision complexity contains increased levels of ambiguity, as that would mean a greater 
gap between the predictions and the clinical context. Paradoxically, the more support a 
decision tool tries to provide in an ambiguous decision situation, the greater will be the risk 
of unintended changes in the physicians’ routines, such as loss of situational awareness or 
degradation of clinical experience.44 The negative consequences of a wrong decision on 
patient outcome are greater when a patient’s risk of harm is higher. In other words, when the 
stakes of a decision are higher, the impact of a wrong decision will be greater, which requires 
a greater need to rely on physician heuristics.

contextual decision support
From the previous sections we may conclude that the need for physicians to rely on heuris-
tics – rather than to trust computerized decision support – will be greater when: there is a lot 
of ambiguity, the stakes of the decision are high, and the decision support poses too much 
extra workload. The goals of contextualizing a decision support tool thus are: to make the 
tool acknowledge and ‘factor in’ ambiguity; to provide risk-based support to physicians; and 
to keep (or make) the workload acceptable. In the next sections, we discuss three ways to 
contextualize the predictions of decision support tools: the algorithms of the model may be 
changed to include more complexity; decision support tools may be more flexible to changes 
in clinical context; the communicative capabilities of the tool may be improved.

the complexity model
One way to contextualize a decision support tool is to improve the algorithms that the tool 
uses to calculate the predictions for the decision situation. The goal of the improvement would 
be to model all complexity. However, the challenge for the future will be to understand how 
we should deal with ambiguity in the algorithms of decision support tools. It is beyond the 
scope of this paper to discuss all available models and algorithms, or to speculate whether 
future artificial intelligence techniques will be able to handle ambiguity in a satisfactory way. 
Nevertheless, when ambiguity can be truly modeled by algorithms, the information is no 
longer ambiguous. A more promising approach is thus disambiguation of the decision, which 
will probably require specific research on the topic of the decision.

Alternatively, improving the data quality on which the algorithms are based would be 
another strategy, as it will improve the predictions of risks and benefits, despite the residual 
ambiguity. When we consider the example of postoperative nausea and vomiting, which was 
mentioned in the introduction, we would choose disambiguation of the decision. The risk 
predictions of which patients will become nauseous after surgery as well as the effective-
ness of prophylactic treatment have been extensively quantified, albeit with a fair amount 
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of uncertainty.45–48 From the results of our recent impact studies, we started questioning 
whether there is an unquantified interrelation between the predicted risk and the effectiveness 
of treatment.9 Further study may help to solve the ambiguous relation between predictions 
and treatment, or how to predict which patients will respond to treatment. Nevertheless, 
when a larger part of complexity is modeled by the algorithm, there is also an increased risk 
of unintended consequences, such as unwanted changes in the decision making routines 
of physicians.

flexible heuristic space
A flexible heuristic space refers to the ratio between the use of heuristics and the use of 
predictive information in the decision making process. This concept is similar to that of the level 
of automation that is used in ergonomics.44,49 The level of automation thus also depends on 
the stakes, the ambiguity, and the workload of the decision, as discussed in previous sections.

When the level of ambiguity and the stakes are both low or when they are both high, the 
choice will be the easiest. For an unambiguous decision for which the stakes are low, human 
involvement may be restricted to the minimum and the process may be fully automated if 
at all possible. High levels of ambiguity with very high stakes will require a fully autonomous 
physician, with the decision support tool functioning merely as an assisting instrument for 
information gathering and clinical reasoning. And perhaps – if properly designed and imple-
mented – it can also reduce the physician’s workload.

An unambiguous decision with high stakes poses a bigger challenge. As there is little 
ambiguity, it would make sense to let the decision support tool make the decisions to a 
great extent, with the physicians monitoring those decisions as the margin for error is small. 
Nonetheless, this situation is also prone to unintended effects of the decision support tool, 
as such a high level of automation may cause the physicians to lose situational awareness 
or degrade their clinical experience.44 There are numerous examples from aviation where 
automation-related incidents could be traced back to loss of situational awareness by the 
crew.50–52 It is thus not at all said that physicians will be able to keep the margin for error 
small when they are tasked with monitoring an almost fully automated process. As physicians 
will still be responsible for the final decision, it may prove more effective to lessen the level 
of automation. In fact, because the stakes are so high, the physicians may not even indulge 
such a high level of automation, especially when the decision support tool is perceived 
as counterproductive.19,53,54

A similar problem may occur when the decision is highly ambiguous, but when the stakes 
are low. The amount of ambiguity implies a greater need for heuristics. However, physicians 
are limited by their workload capacity.36 Should this decision be the only problem that the 
physician faces at that moment, it would be highly efficient to simply let the physician make 
the decision, perhaps assisted by a computer. However, in a highly demanding environment, 
such as during surgery or treating a patient at the Intensive Care Unit, the physicians will not 
prioritize their attention to this relatively unimportant decision. In such an instance, it may be 
more efficient to let the decision support tool make a standardized recommendation, which 
directs the decision of the physician despite the presence of ambiguity.
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These are four distinct situations. In clinical practice this will be more of a continuum. 
It is important to note that the level of automation does not automatically follow from the 
level of ambiguity and the stakes of the decision. The level of automation has to be chosen 
when designing the decision support tool. The ambiguity and the stakes of the decision may 
indicate what the risks of automating a decision will be, not whether the risks are acceptable. 
Furthermore, the workload of the physicians in the decision situation at hand – from both the 
decision itself and other tasks and decisions – will determine how much time and attention 
can be additionally spent on using the decision support tool. In our example of postoperative 
nausea and vomiting, physicians had to make ambiguous decisions on preventive treatment 
in a high-workload environment for a problem that was not considered to be of utmost 
importance.12 A higher level of automation – providing treatment recommendations that only 
required confirmation – was more effective than a lower level of automation, i.e. providing 
only risk predictions.10,11 However, the effects on decision making and patient outcome were 
still modest when the decision support tool provided treatment recommendations. Going to 
the next higher level of automation – perhaps even fully automated decision support – may 
further increase the effectiveness of the tool, but may also increase the risk of unintended 
negative effects. The decision to further automate a decision support tool for postoperative 
nausea and vomiting may thus depend on the willingness of patients to accept the increased 
risks for a possible reduction in discomfort from nausea and vomiting after surgery.

Even within similar decision situations the level of ambiguity, the stakes and the work-
load may fluctuate. Ideally, the level of automation should be flexible, responding to these 
fluctuations. A future perspective might be that decision support tools do not only provide 
risk-dependent predictions or recommendations, but its level of automation also depends 
on the predicted risks and the workload of physicians. In our example of postoperative 
nausea and vomiting, the decision support tool might be able to estimate the workload of 
the physician at any time point during the anesthetic case. A flexible decision support tool 
would then provide its predictions and recommendations when there is a low workload 
during the case. Alternatively, a flexible tool would adjust its level of automation when the 
workload becomes too high.

communicative capabilities
Many factors are reported in current literature that improve the capabilities of a decision 
support tool to communicate context to physicians together with its calculated predictions. 
The hypothesis is that this will free up the mind of physicians to pay more attention to other 
complex activities that are not covered by the decision support tool.55,56

For example, the addition of actionable recommendations to risk predictions already 
aims to provide context on what a risk prediction may imply for treatment.6,8,10,11 Alternatively, 
the reasoning behind the predictions may be provided, including details about the variables 
on which the model is based, and what predictors dominate in a particular patient.6,16,19 
This would facilitate physicians to better interpret the predictions and weigh them against 
their own clinical experience. Although there are several proven facilitators that improve 
the decision making of physicians, those interventions hardly incorporate ambiguity as a 
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factor. As we argued in the section on Decision support, most decision support tools are 
still decontextualized. Ambiguity in clinical contexts causes information to be imprecise, thus 
true contextual decision support should not aim to provide precise information.23,57 Decision 
support tools would be truly supportive when they communicate to physicians in the language 
of the physicians, instead of their own technical language of probabilities. Decision support 
should merely provide a description, to convey meaning instead of facts.

When it is possible for a decision support tool to communicate ambiguous information 
to the physicians, the physicians would be able to enter a response to the decision support 
tool. As the decision support tool knows the quantitative meaning behind the otherwise 
ambiguous description that it provided to the physician, the tool may use the response for 
further calculations in self-learning algorithms. For example, the decision support tool may 
communicate that a patient has a high risk of postoperative nausea and vomiting and has no 
direct contraindications for preventive treatment. The physician may respond that he does not 
want to administer one of the possible drugs because the patient has several comorbidities. 
Although the decision support tool does not have to directly understand what the physician 
exactly means, but the tool may learn in time to recognize patients which are considered to 
be too fragile by physicians to accept the risks of preventive treatment. When the decision 
support tool collected sufficient data on such patients it may either confirm or refute the risk 
and communicate that to the physicians. In this way, the algorithms of decision support may 
be able to include clinical intuition of physicians into their calculations.

patient preferences
Similar communicative capacities of decision support tools may facilitate communication 
with patients, either directly with patients or through the physicians. Patients should be 
able and allowed to decide whether and how their diseases will be treated. It is a physician’s 
job to provide the patients with the right decision situation and decision options that are 
appropriate for the clinical context. The more complex the clinical context and the decision 
situation, the more difficult it will be to provide the right information and context to patients. 
Without context the predictions and recommendations of a decision support tool may not 
mean much to patients. Providing them with contextual information that is communicated in 
natural languages may improve the patients’ understanding of the decision situation. Such 
communication may be bidirectional. For example, rather than asking a patient to weigh a 
risk of one in one hundred thousand of a serious adverse event, to a risk of one in three 
of postoperative nausea and vomiting, it may be more useful to explore the preferences 
of patients and provide the context that they require. This may help patients to straighten 
out their thoughts on the decision, but also help physician to understand their patients. A 
decision support tool may use a patient’s input to select appropriate information about the 
clinical context and the decision situation, but the tool may also weigh patient preferences in 
its recommendations. Moreover, flexibility of a decision support tool may also be determined 
by patient preferences. After all, it is very common in (non-automated) clinical practice that 
patients express their preferences and priorities to their physicians. In our example, a flexible 
decision support tool for postoperative nausea and vomiting would draw more attention 
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from a physician when the patient indicated that preventing nausea and vomiting was highly 
important to him. In other words, a flexible decision support tool would allow physicians to 
prioritize their time and attention according to patient preferences.

conclusion
Clinical decision support aims to reduce the complexity of clinical decisions, yet if poorly imple-
mented it may actually complicate care and confuse physicians. In this paper we argued that 
information from decision support tools is often removed from its clinical context. In contrast, 
physicians largely depend on clinical context to handle the complexity of their day-to-day 
decisions. Simply offering analytic information to physicians – without its context – may be 
similar to trying to get two people who speak different languages have an elaborate conversation.

‘Believers’ of artificial intelligence argue that, since computers are much more capable to 
handle large amounts of information than humans, future elaborate decision support tools can 
replace physicians.58–60 Simply typing ‘Will computers replace doctors’ into GooGLe yields 
millions of hits discussing the subject. However, information is not the same as knowledge.61 
Apart from the non-technical skills patients expect from their doctor, future iDOctOrs and 
DOctOr AlgOrithms would need to be able to handle clinical context and decision complexity 
to a similar – or even better – degree as physicians. Obviously, computers are more capable to 
handle large number of variables and estimate levels of uncertainty, but physicians have the 
unique skill to use – albeit imperfectly – the entire clinical context in their decisions, taking 
into account all ambiguous information and patient preferences. Instead of arguing about who 
is ultimately better at clinical decision making, it may prove to be a more profitable strategy 
to use the best of both worlds and let doctors arrive at optimal patient-centered therapeutic 
decisions using tools on their computers for probability estimation and other applications 
requiring hardcore number crunching. To improve the quality of decision support tools, 
designers should focus not only on predictive accuracy, but also on optimizing the way in 
which such probabilities and therapeutic recommendations are communicated to doctors.
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methods
study setting
Both the present study and the original cluster-randomized trial were performed at the 
anesthesiology department of the University Medical Center Utrecht, the Netherlands. The 
University Medical Center is a teaching hospital, and functions as a tertiary center, performing 
surgical procedures of high complexity. Management of the anesthesiology department was 
part of a larger division of perioperative care and emergency medicine, with both medical 
and non-medical executives. For every patient the ‘anesthesia team’ consisted of an attending 
anesthesiologist, a highly specialized anesthesia nurse (possibly with an additional trainee 
anesthesia nurse), and frequently a resident in anesthesiology. The interviews were taken after 
the cluster-randomized trial had ended, in the first half of January 2008, while the survey 
started in the second half of January 2008.

The authors of this article comprise of physicians (tHK, KVL, LVW, WaVK, CJK), epidemi-
ologists (YV, KGmm) and a layperson in medicine (mamK). Most of the physicians followed 
extensive training in epidemiology (tHK, KVL, WaVK, CJK) or are experienced in doing predic-
tion research (tHK, LVW, WaVK, CJK). Some of the authors, including the first author, have a 
predilection for information technology (tHK, LVW, CJK). Two of the authors are related as 
son and father (tHK and mamK).

participants
All attending anesthesiologists and senior residents of the anesthesiology department of the 
University Medical Center Utrecht were randomized to receive individual ponV risks of patients 
as calculated by a prediction model, and the risks were presented in the anesthesia information 
management system during the case. Because of progressively more distant supervision from 
attending anesthesiologists during the 5-year residency, senior residents (4th or 5th year of 
training) were also considered for randomization in the trial, as they typically make decisions to 
administer antiemetic drugs independently. Anesthesiologists and senior residents (henceforth 
referred to as ‘physicians’) were excluded from the impact trial when they exclusively worked 
in one of the anesthetic subspecialties (e.g. pediatric or cardiac anesthesia, or pain medicine), 
or when they had treated less than 50 patients within the impact trial. At the start of the 
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study, or when a new physician enrolled during the study period, physicians were asked at 
what predicted risk they would administer ponV prophylaxis to a patient.

sampling
Physicians were selected for the interviews by stratified random sampling from the pool of 
enrolled physicians. Stratification allowed selection of physicians in different career stages 
(resident or junior attending versus senior attending) and different randomization status within 
the cluster-randomized trial (intervention versus care-as-usual). Two physicians per stratum 
was expected to provide sufficient variation in the conceptions and barriers of physicians to 
administer prophylactic antiemetics to their patients during general anesthesia. In total eight 
physicians were interviewed.

interview procedures
A semi-structured interview schedule was devised using both open and closed questions. 
Questions were formulated according to four prespecified topics, which were hypothesized 
to reflect the process of decision making: 1) perceived patient burden of ponV by the 
physician; 2) professional risk stratification: how does the physician identify patients at 
risk for ponV; 3) the decision-making process regarding preventive antiemetic strategies; 
4) attitude towards the use of prediction models and decision support for prophylactic 
treatment of ponV.

The questions were phrased and ordered according to their expected dependency 
on other questions. For example, the answer to a question on the benefits and harms of a 
prophylactic antiemetic drug might be influenced by a preceding question on the perceived 
burden of ponV. The specific phrasing and order were only meant as a guide; interviewer 
and interviewees were encouraged to explore the different themes as came natural to them 
during the conversation.

All interviews were held in a quiet consulting room at the operating room facility. The 
interviewer (mamK) did not have a medical background, but was experienced in conducting 
structured and semi-structured interviews. The interviewer was briefed on the concepts of 
ponV and on the backgrounds of prediction models and decision support by the first author 
(tHK). The interviewer did not know the interviewees before the interview. The interviews were 
performed face-to-face and were audio recorded with permission of the interviewees. A pilot 
interview was performed with one, non-randomly selected interviewee. The pilot interview 
was not included in the analysis. The duration of the interviews ranged from approximately 
20 to 60 minutes. Data saturation was achieved after eight interviews and additional inter-
views were not expected to provide new insights.

interview analysis
After verbatim transcription of the interviews, KVL first sorted each line of the interview tran-
script according to the questions of the interview model. The individual responses to each 
question were then coded and rearranged into themes. Axial coding was used to group the 
themes into broader thematic categories, using Microsoft Excel. To prevent selective perception 
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and biased interpretation, tHK then repeated the coding process. The themes and categories 
were subsequently integrated into central themes. Differences in results were first discussed 
between KVL and tHK. Remaining discrepancies were reviewed by the remaining authors and 
discussed until all authors agreed on the final coding.

results
The eight physicians who were interviewed consisted of four females and four males, equally 
distributed over the intervention group and the care-as-usual group. Three of the four females 
were senior attendings, whereas one of the four males was a senior attending. In total 233 
minutes of speech were recorded, resulting in 3,569 transcription lines with a maximum line 
width of 100 characters.

The coded transcriptions were rearranged into 17 themes, distributed over four thematic 
categories (see also Table 4.1). Although the interview model was not used during the coding 
process of the interviews, the categories resulting from the axial coding process were very 
similar to the four overall topics of the interview model. Therefore, we named the categories 
after the four topics of the interview model. The themes and categories are described in this 
appendix, whereas the integrated central themes are discussed in Chapter 4.

category 1: perceived burden of PONV

1a. knowledge of the frequency of ponv
The interviewees from the trial’s intervention group were able to give a numeric estimate of 
which percentage of their patients suffered from ponV, although some needed some encour-
agement from the interviewer. Most of the interviewees from the care-as-usual group were 
unable to provide a numeric estimate, not even after some encouragement by the interviewer.

I do not know the percentages…A number of patients, but not that many…Actually, 
I do not see it that often. No, I do not see many patients who get nauseous…The 
percentage is not that high, so might I say 1 in 10? Well, no, I don’t know. (male senior 
attending, care-as-usual group)

1b. perception of the frequency of ponv among their patients
After the request for a numeric estimate of the frequency of ponV, the interviewees were 
asked how they perceived the frequency of ponV among their patients. A similar distinction 
between the study groups was observed. Interviewees from the intervention group all felt 
that the percentage of ponV among their patients was considerable.
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It occurs in more than one out of three patients. And yes, I do believe that is a lot. 
(female resident, intervention group)

In contrast, the interviewees from the care-as-usual group – except for one – felt that their 
patients did not frequently suffer from ponV. Although they were uncertain about the exact 
frequency, the interviewees considered the percentage of their patients with ponV to be low 
because of their personal case mix, i.e. the type of surgery for which they most commonly 
provided general anesthesia.

You see, that is my experience of late, as I now mostly provide anesthesia for 
neurosurgical procedures. They do become nauseous, but because of the type 
of procedure, in fact, I don’t see it that often. (male senior attending, care-as-
usual group)

Although interviewees from the care-as-usual group perceived ponV to be fairly uncommon 
among their patients, they indicated in following questions that they were aware that ponV 
is a frequent event after general anesthesia. For example, the same interviewee from the 
care-as-usual group responded:

The risk of PONV, because of the things we do, is quite large. (male senior attending, 
care-as-usual group)

1C. feedback on ponv occurrence increases awareness
Interviewees from the intervention group received individualized feedback by email after the 
first twelve months of study, which had been planned prior to the start of the study. This 
feedback included the incidence of ponV among the patients they had treated, the overall 
(hospital wide) incidence of ponV and the quantity of antiemetics administered. All interviewees 
from the intervention group reported that a higher percentage of their patients suffered from 
ponV than they had expected. Three interviewees perceived the high occurrence of ponV 
among their patients as confronting.

Well, I received those numbers from the researchers, and they were shockingly higher 
than I expected. (female senior attending, intervention group)

Two interviewees expressed frustration as they felt that their efforts to reduce ponV were not 
reflected by the reported incidences from the individualized feedback.

…I am more aware of PONV, I administered more prophylaxis and it did not change a 
thing. So I thought to myself, this is not getting us anywhere. (female senior attending, 
intervention group)
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All interviewees said that the individualized feedback made them more aware of the problem 
of ponV and made them increase their administration of antiemetic prophylaxis.

I try to pay attention that I administer – to my opinion – adequate prophylaxis and 
adjust my anesthetic technique to lower the occurrence of PONV. (female resident, 
intervention group)

One interviewee from the intervention group reported she was only able to provide a numeric 
estimate of the occurrence of ponV among her patients, because of this individualized feedback.

About 40 to 50% of my patients suffer from PONV. I know that from the feedback 
reports, otherwise I would not have known. (female senior attending, interven-
tion group)

In contrast, two interviewees from the care-as-usual group indicated that they receive little 
feedback in daily practice on which patients suffer from ponV.

Of course I see my patients at the postanesthesia care unit, but I rarely hear back 
from the nursing ward when my patients get nauseous. (female senior attending, 
care-as-usual group)

1d. ponv is a side effect of general anesthesia
All interviewees considered ponV a side effect of general anesthesia and not a complication, 
because it is an expected and common event after general anesthesia.

As an anesthesiologist you know that, because of the things you do, you structurally 
increase the patient’s risk of PONV. (male senior attending, care-as-usual group)

It is inherent to our procedures, I mean, when you are on the bus for a holiday, and 
you get nauseous because it is a bumpy ride, do you consider that a complication or 
is it just a part of the bus trip because you are sensitive to motion sickness? (female 
senior attending, care-as-usual group)

Some interviewees also considered ponV a side effect because its influence on a patient’s 
well-being is generally not severe enough for it to be a complication.

It is different when the vomiting is that severe that it damages the esophagus, or 
something like that. Then it could turn into a complication. (female senior attending, 
care-as-usual group)
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Although the interviewees generally considered ponV a side effect, several interviewees 
indicated that it should not be taken for granted by anesthesiologists. Moreover, ponV may 
become a complication if it is not treated appropriately.

PONV is a side effect of anesthesia and surgery, but if it is too easily overlooked and its 
prevention is insufficiently being addressed, then one might call it a medical error and 
consider it a complication. (male junior attending, intervention group)

When asked whether the problem of ponV is a subject of regular discussion among the 
medical staff of the anesthesia department, the interviewees reported that discussion of 
ponV is fairly limited.

Because of the study it [author’s note: awareness of PONV] has increased a little bit. 
However, it is still not a problem which is regularly brought up during case discussions… 
Perhaps it is just something that slips your mind quite easily. (female resident, inter-
vention group)

category 2: professional risk stratification: how does a physician 
identify patients at risk for PONV?

2a. variation in the use of risk factors
The interviewees reported that during the anesthetic case they make some form of an assess-
ment of which patients are at risk for ponV and should receive ponV prophylaxis, regardless 
of their exposure to the results of the prediction model. The interviewees based their assess-
ment on a variety of factors: demographics, lifestyle, related to the surgical procedure, or 
the current emotional state.

When you see a very stressed and anxious young woman who is scheduled for a 
laparoscopy, then you immediately think: this will probably be Bingo. (female senior 
attending, intervention group)

However, the number of factors and which specific factors they used in their assessment 
varied per interviewee. One specific factor was commonly mentioned by the interviewees: a 
history of ponV, especially when patients had actively reported it at the preanesthesia clinic.

Yes, people with a history of PONV. People that claim: ‘I am always terribly nauseous’. 
It almost seems like a self-fulfilling prophecy. (female senior attending, interven-
tion group)
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2b. risk factors may be experience-based or evidence-based
All interviewees reported several factors which are predictive factors in one of the commonly 
known risk scores (e.g. gender, non-smokers). Most interviewees used a combination of 
experience-based and evidence-based factors. However, both extremes were present: one 
interviewee did not want to rely on his own experience, whereas another interviewee knew 
the risk factors from literature but did not use them in his assessment on whom to give 
ponV prophylaxis.

Yes, my assessment is based on literature…Relying on your own experience can be 
quite treacherous, because most patients get nauseous at the nursing ward, not at 
the postanesthesia care unit, and I do not regularly visit all my patients at the nursing 
ward. (male resident, care-as-usual group)

So these are risk factors known from literature, but I do not take them into account 
to decide on who will become nauseous…For example smoking, if it has any conse-
quences for my anesthetic case, I prefer to consider its pulmonary effects. (male 
senior attending, care-as-usual group)

2C. weighing factors: no clear-cut risk appraisal
Whichever factors are used by the individual interviewees, they did not consciously weigh 
the factors to arrive at a risk percentage for ponV. They seemed to use the factors more in a 
qualitative way than in a quantitative way.

No, it is not a conscious process. It is more that you roughly know the risk factors, you 
have an overall view of the patient, and then you start thinking: Does this patient 
has a high risk or not? But in my mind, I am not actually calculating the risk. (female 
resident, intervention group)

Just an intuitive feeling: this person will probably suffer from PONV. (male senior 
attending, care-as-usual group)

category 3: making decisions on prophylactic antiemetic strategies

3a. perceived benefits and harms of prophylactic antiemetic strategies
The interviewees were asked about three prophylactic antiemetic drugs, which are part of 
the local protocol on ponV. All interviewees considered ondansetron to be a suitable drug 
for ponV prophylaxis in terms of effectiveness and with little side effects.

The only drug that I actually administer as prophylaxis and for which I don’t feel any 
reluctance is ondansetron. (male junior attending, care-as-usual group)
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Interviewees from the intervention group were better able to quantify the perceived effec-
tiveness of ondansetron, although their quantification was mostly intuitive.

Well, when your risk is 60% at first and afterwards a risk of 40%, then it is about 20% 
effective. (female resident, intervention group)

The overall positive attitude towards ondansetron contrasted with the more divided and 
negative attitude towards the other two prophylactic drugs, droperidol and dexamethasone. 
Most of the interviewees considered at least one of these drugs to be quite effective as 
prophylaxis, although most of the interviewees were unable to quantify their effectiveness. 
In addition, the opinion on the severity of side effects, especially for dexamethasone, varied 
among the interviewees.

Dexamethasone? Definitely not as prophylaxis. That stuff has too many side effects. 
And I do not believe that it actually works that well. (female senior attending, care-as-
usual group)

Patients who always become nauseous after surgery, I always just give them dexa-
methasone, and it works, yes it works really well….No, I don’t see many side effects of 
that. (female senior attending, intervention group)

One interviewee actually reported the difference in opinion on dexamethasone.

There are people who say that a single dose of dexamethasone is not so bad, whereas 
other people claim that even a single dose may cause serious side effects. (male junior 
attending, intervention group)

Several interviewees reported to rarely administer either dexamethasone, droperidol or both 
as prophylaxis. However, the interviewees were unable to explain why they were reluctant to 
administer those drugs. For example, one of the interviewees even made several conflicting 
statements on the use of droperidol as prophylaxis during the interview.

There is definitely added value for droperidol, I think that is a good drug….I rarely 
administer droperidol intraoperatively…It provides some drowsiness, but in the 
low dose that we give, it is hardly a problem. (female senior attending, interven-
tion group)

3b. decisions on ponv prophylaxis are made implicitly
Although the interviewees were not explicit in how they decide to administer or withhold 
specific prophylactic antiemetic drugs, they seemed to weigh benefits (numbers needed to 
treat) over side effects (numbers needed to harm) in a qualitative – non-numerical – way.
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You see, you can prevent nausea for a number of people, but when opposed by 
one person suffering from a surgical site infection [author’s note: a perceived risk of 
dexamethasone PONV prophylaxis], your net benefit is lost. (male junior attending, 
care-as-usual group)

3C. ponv prophylaxis: only when indicated
The interviewees agreed that because of the possible side effects, ponV prophylaxis should 
not be considered a standard procedure for all patients.

Let’s put it this way: to systematically provide PONV prophylaxis to all patients is impos-
sible, because of the side effects. Although, when indicated for a specific patient, I 
believe you can accept the side effects. (male senior attending, care-as-usual group)

category 4: attitude towards the use of prediction models and 
decision support

4a. intervention group: the predicted risk is higher than their own assessment
As interviewees from the intervention group received the individual predicted ponV risks of 
their patients during the cluster-randomized trial, these interviewees were asked about their 
experiences with the use of the predicted risks.

Three out of four interviewees reported that they were surprised by the magnitude of the 
predicted risks; for most patients their own risk assessment would have been lower than the 
risk as predicted by the prediction model. One interviewee reported that this discrepancy 
resulted from a more accurate risk assessment by the model.

And I believe the predicted risks were higher because the prediction model actually 
calculates the risk from all factors associated with PONV, whereas we anesthesiologists 
lean towards particular touchstone factors such as history of PONV and type of surgery. 
(male junior attending, intervention group)

4b. intervention group: no conscious roadmap for using the predicted risk
All interviewees from the intervention group reported to use the presented risks in their 
decision to administer ponV prophylaxis. The interviewees were unable to explicate how they 
use the predicted risk to arrive at a decision on ponV prophylaxis.

When you open the anesthesia information management system, you immediately see 
it. Well, it is not that I immediately am consciously aware of it, sometimes I am, but not 
always. It occasionally happens that at the end of the procedure you think: ‘Oh yes, 
the risk was high, shall I… (female senior attending, intervention group)

130 Chapter 8



One interviewee reported a decrease in the use of the predicted risks over time. The inter-
viewee was not able to pinpoint the cause for this decrease.

Yes, well, when I entered the study and I received these predicted risks, I did use 
them for a while…I used the numbers to decide whether or not I would administer 
prophylaxis. Lately, I obviously eased on doing that, and I cannot clearly explain why 
that happened. (male junior attending, intervention group)

4C. care-as-usual group: the predicted risk is mainly a reminder
Interviewees from the care-as-usual group were all positive on automatically receiving a 
patient’s predicted ponV risk during the anesthetic case. They all considered presentation of 
the predicted risk a good way to prompt them to consider ponV prophylaxis for each patient.

You know, it is foremost a reminder…Something in your screen that says: ‘Remember!’…
You are supposed to think of everything, sometimes you just fall short. So when it is 
on by default… (female senior attending, care-as-usual group)

One of the interviewees said specifically that the actual predicted risk would not be that helpful.

You do not benefit that much from a predicted risk. It is more a way to direct your 
attention to PONV, because to actually solve the problem itself you need more details 
than just a predicted risk. (male senior attending, care-as-usual group)

4d. authority in making decisions is more important than decision support
The predicted risk was implemented without an actionable recommendation added to the 
predicted risk (assistive implementation). When the interviewees were asked whether they 
would like a recommendation on ponV prophylaxis to be added to the risk (directive imple-
mentation), the interviewees would all like to have such a recommendation, but not at the 
cost of their authority to make case-by-case decisions.

There is nothing wrong with an advice, as long as it does not become compulsory. 
(male junior attending, care-as-usual group)

Of course it is nice to get some advice. On the other hand, all doctors, including me, 
feel that they can decide for themselves… I am in charge and I am also responsible. 
(female senior attending, intervention group)

4e. prediction models do not consider other comorbidity
The interviewees prefer to retain their authority in medical decision making, because the 
recommendation only targets the risk of ponV and does not take into account the full clinical 
condition of the patient.
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The recommendation is probably only aimed at PONV, so I do believe that you should 
continue to consider which patient you have in front of you and what drugs you are 
going to administer. (female resident, intervention group)

You may consider giving the patient dexamethasone as prophylaxis, but it may be 
contraindicated for specific patients or specific procedures. (male senior attending, 
care-as-usual group)

4f. the predicted risk does not reflect the underlying mechanisms of ponv
Moreover, not only should other comorbidity be considered according to the interviewees. 
The mechanism which causes nausea or vomiting (e.g. abdominal surgery, opioids, vestib-
ular disturbances) may determine which antiemetic drug is expected to be prophylactically 
effective. Consequently, a physician should have insight in which factors contributed to the 
recommendation for an individual patient.

You can only treat a patient when you know the actual cause of the problem. Without 
that, the predicted risk will not do you any good, you need to know which factors 
contributed to that particular risk. (male senior attending, care-as-usual group)

Even when understanding the expected – i.e. predicted – mechanism for ponV, the physician 
cannot fully rely on the recommendation for the decision to administer particular prophylactic 
antiemetic drugs.

You need to know which factors contributed to that particular risk and then a 
recommendation may follow. However, as the treating physician you may regard this 
recommendation solely as an advice. (male senior attending, care-as-usual group)

4g. willingness to use decision support may be dependent on familiarity
When answering the question whether the interviewees would follow such a recommendation, 
interviewees of both study groups would consider it an advice and not standard practice. 
However, interviewees from the care-as-usual group considered the recommendation to be 
foremost a reminder, and doubted whether such a recommendation would have an added 
value to other reminders, such as the predicted risk alone.

We already have a protocol which antiemetic drugs to administer, so in its essence a 
predicted probability should suffice. (male junior attending, care-as-usual group)

When you are sufficiently informed on its background, you can use the recommenda-
tion to your advantage. The question remains whether all the efforts which precede 
the implementation are actually worth their while. (male senior attending, care-as-
usual group)
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In contrast to the care-as-usual group, interviewees from the intervention group expected 
that they would follow the recommendation on a regular basis.

I believe I would be inclined to administer more PONV prophylaxis, because you know 
that the predicted risk is based on an extensive calculation using several factors. (male 
junior attending, intervention group)

The difference between the care-as-usual and intervention group suggests that using deci-
sion support increases the willingness to rely on decision support. One interviewee actually 
reported that it might be a matter of ‘just getting used to it’.

On one hand it is nice to treat a patient based on a true evidence-based recom-
mendation, on the other hand all doctors want to decide for themselves…So I have 
mixed feelings about this. I believe it will be a matter of getting used to it. At a certain 
point it will become a custom, and especially when it is has been proven to work, 
you would be a fool not to follow the advice. (female senior attending, interven-
tion group)
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methods
The survey was developed using the same four topics as the semi-structured interview 
schedule: 1) perceived burden of ponV by the physician; 2) professional risk stratification: 
how does the physician identify patients at risk for ponV; 3) the decision-making process 
regarding preventive antiemetic strategies; 4) attitude towards the use of prediction models 
and decision support for prophylactic treatment of ponV.

These four topics were considered the most important factors contributing to the willing-
ness of physicians to use a formal prediction model regarding clinical decision making in the 
prevention of ponV. For each topic several questions were formulated in Dutch, as discussed 
in the following paragraphs. As individual questions were expected to be highly related to 
other questions within their topic, a summary z-score was calculated for each topic and 
standardized to the mean score and standard deviation of all physicians, i.e. both allocations 
groups combined (henceforth referred to as the total group of physicians).

perceived burden of PONV by the physician
Physicians were asked to grade – on a 100-point visual analogue scale (Vas) – ten postop-
erative complications including ponV by their perceived burden (see Table 8.1).1 Zero was 
considered to be ‘no problem at all’ and hundred was considered ‘equal to death’. For each 
physician, nine standardized ratios were calculated between the perceived burden of ponV 
and the perceived burden of the other postoperative complications. Standardized ratios 
(z-scores) were calculated by subtracting each individual postoperative complication score 
from the individual ponV score minus the mean of the same difference for the total group of 
physicians, divided by the standard deviation of the same difference within the group. The 
sum of all nine z-scores for each physician was again standardized to the mean and stan-
dard deviation of the total group of physicians, and this standardized score was used as the 
summary z-score for this topic.

appendix section 2
full description of the structured survey
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professional risk stratification: how does the physician identify patients 
at risk for PONV?
For fourteen prespecified patient or procedure characteristics the physicians were asked, 
whether they used the characteristics as risk factors, protective factors or no factors at all in 
their ponV risk assessment for an individual patient. These fourteen variables included the 
seven predictors of the formal ponV prediction model. In addition, physicians could specify 
remaining variables as risk factors or protective factors, in order to complete their personal 
prediction model. For each physician, we calculated the number of predictors of the formal 
ponV prediction model which the physician used for their personal risk assessment and had 
scored in the right predictive direction, subtracted by the number of other predictive factors 
in their personal prediction model. The resulting individual score was then standardized 
(z-score) by subtracting the mean score of the total group of physicians and dividing the 
difference by the standard deviation within the total group.

making decisions on preventive antiemetic strategies
Physicians were asked for their opinion on the three prophylactic antiemetic drugs: ondansetron, 
droperidol, and dexamethasone. For each drug the physicians were asked: 1) whether they 
use the drug as prophylaxis; 2) whether they consider the drug to be effective; 3) whether 
they believe the drug has many contraindications; and 4) whether they believe the drug has 
many side effects. Their opinion was scored on a 100 point VAS, ranging from ‘never’ to 
‘always’ for statement 1, and from ‘I strongly disagree’ to ‘I strongly agree’ for statements 2 – 4. 
Standardized scores were calculated as the difference from the mean of the total group of 
physicians divided by the standard deviation (z-scores). Scores were standardized in the 
same direction: a positive score indicated a positive attitude towards to the use of the drug. 
The sum of all twelve z-scores for each physician was again standardized to the mean and 
standard deviation of the total group of physicians, and this standardized score was used as 
the summary z-score for this topic.

attitude towards the use of prediction models and decision support 
for prophylactic treatment of PONV
Eleven pairs of statements on regarding the use of a prediction model and how it is imple-
mented as decision support were presented to the physicians. For each pair it was prespecified 
which statement was considered to be the most favorable towards the use of a prediction 
model for ponV prophylaxis (for all statements, see Table 8.4). Physicians were asked to 
choose which of the two statements they considered most relevant when using the prediction 
model in their clinical decision making. The total number of favorable statements was then 
standardized by taking its difference from the mean of the total group of physicians divided 
by the standard deviation (z-score).
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additional questions for the intervention group
Two specific questions were added for physicians of the intervention group: 1) whether the 
ponV risks as predicted by the model were similar to their personal assessment of the patient’s 
ponV risk; 2) whether the individualized feedback on the incidence of ponV among their 
patients was according to their expectancy.

statistical analysis
Each summary z-score was visually assessed for a normal distribution using histograms and 
Q-Q plots. For each allocation group, the means and standard deviations of the summary 
z-scores per topic were calculated. Multiple testing was avoided by summing all four summary 
z-scores for each physician into a total summation z-score, which was tested using a two-sample 
Student’s t-test. Results for the two additional questions for the intervention group physicians 
were presented as absolute frequencies with percentages. A two-sided alpha of < 0.05 was 
considered statistically significant.

post-hoc analysis of prediction model versus recommendation
During the interview analysis the question arose whether physicians from the intervention group 
preferred an actionable recommendation instead of the results of the prediction model alone, 
whereas care-as-usual physicians preferred only the predicted risk over the recommendation. 
This question was addressed in the survey by pooling questions which addressed either the 
predicted risk, a recommendation or both. One question directly asked for a preference for 
a recommendation over a predicted risk alone. Additionally, one set of questions compared 
the recommendation and the predicted risk to ease of use of the decision support, and a 
second set compared the recommendation and the predicted risk to receiving individualized 
feedback on the incidence of ponV. When in a set of questions a physician scored positive 
for the recommendation and negative for the predicted risk, this was counted positive for a 
preference for the recommendation. A positive score for the predicted risk and a negative 
score for the recommendation were counted negative for a preference for the recommendation. 
Two positive scores for a set of questions or two negative scores were counted as indifferent. 
The direct question and the results of the two indirect sets of questions were summed and 
testing using a Wilcoxon rank test.

adjusting the original trial’s analysis
The original trial studied the ponV incidence (primary outcome) and the number of prophylactic 
antiemetics administered per patient (secondary outcome) for risk-dependent differences 
between allocation groups using mixed effects regression analyses.2 As the total summation 
z-score from the web-based survey was hypothesized to reflect the inclination for physicians 
to treat ponV prophylactically, the original analyses were additionally adjusted for the total 
summation z-score. Thus, the adjusted mixed effects regression models – logistic for the 
primary outcome, Poisson for the secondary outcome – included as fixed effects the alloca-
tion group, the predicted risk, their interaction term, time in months and the total summation 
z-score. The random effects were the same as the original analysis: an intercept, predicted 
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risk, their interaction term, and time in months. The total summation z-score was tested for 
nonlinearity using restricted cubic splines.3 For the original analysis missing data were multiply 
imputed using 10 imputation datasets. Survey results were merged with each of the original 
10 imputation datasets, to be able to compare the results with the original trial. Results of 
regression analyses were presented as odds ratios with 95% confidence intervals (CI) or rate 
ratios with 95% CI.

results
Of the 57 physicians analyzed in the original trial, 53 (93%) completed the survey (inter-
vention group 29 (94%); care-as-usual 24 (92%). Two of the four physicians who did not 
complete the survey emigrated during the study period and we were unable to contact them 
within a reasonable time frame. The other two physicians did not complete the survey despite 
repeated requests from the first author.

perceived burden of PONV by the physician
Compared to other postoperative complications, physicians considered the burden of ponV 
to be moderately important. Physicians of the intervention group considered ponV more 
important than physicians of the care-as-usual group (Table 8.1). In the intervention group 
it was the 5th most important complication (comparable to postspinal headache), and 6th 
most important complication for the care-as-usual group (comparable to urinary retention). 
Despite these group differences, there was a large variation among individual physicians as 
to how they valued ponV as a postoperative complication, as seen from the wide interquartile 

Table 8.1 Survey results on the perceived burden of PONV

Care-as-Usual Group Intervention Group

(n = 24)* (n = 29)*
Anastomotic leakage 74 (61 – 90) 75 (62 – 85)
Peripheral nerve injury 62 (48 – 80) 75 (57 – 83)
Wound infection 60 (48 – 77) 59 (48 – 75)
Postspinal headache 49 (32 – 70) 51 (45 – 69)
ponV 34 (24 – 59) 49 (40 – 75)
Urinary retention 36 (21 – 46) 37 (28 – 62)
Pruritus 26 (19 – 46) 31 (17 – 51)
Obstipation 24 (19 – 50) 25 (14 – 48)
Sore throat 24 (13 – 40) 24 (9 – 30)
Shivering 22 (16 – 39) 19 (11 – 43)

Data represent medians (interquartile ranges) for a perceived burden score on a 0 – 100 visual analogue scale for 
each postoperative complication
* The number of physicians who completed the survey
ponV = postoperative nausea and vomiting
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ranges. The standardized summary z-scores were also different for both groups (see Chapter 
4, Table 4.4).

predictive professional risk stratification: how does the physician 
identify patients at risk for PONV?
There was a large variation between physicians in which factors they considered to be 
important predictive factors for ponV (Table 8.2). Two factors from the formal prediction 
model were considered important risk factors by almost all physicians: history of ponV or 
motion sickness; and abdominal or middle ear surgery. On the other hand, almost none of 
the physicians considered outpatient surgery to be an important predictive factor for ponV, 
which was inconsistent with the prediction model, as outpatient surgery is a major protective 
factor in the model. Almost none of the factors from the prediction model were scored in 
the opposite direction (i.e. scored as protective while risk factor in the model or scored as 
risk factors while protective in the model). Of the other factors, not used in the prediction 
model, postoperative use of morphine (53%) and preoperative anxiety (53%) were often 
considered as important risk factors by physicians.

Table 8.2 Survey results on the professional risk stratification: how physicians identify 
high PONV-risk patients

Care-as-Usual Group Intervention Group

(n = 24)* (n = 29)*

Risk factors from the formal prediction model
History of ponV / Motion sickness 24 (92) 28 (90)
Surgery with a high ponV risk 24 (92) 26 (84)
Female sex 17 (65) 25 (81)
Current smoking 9 (35) 16 (52)
Inhalational anesthesia 8 (31) 19 (61)
Age 7 (27) 11 (35)
Ambulatory surgery 0 (0) 2 (7)

Characteristics not included in the formal prediction model
Postoperative use of morphine 14 (54) 14 (45)
Preoperative anxiety 13 (50) 15 (48)
Intolerance to fasting 7 (27) 7 (23)
Prolonged operation duration 3 (12) 5 (16)
Obesity 4 (15) 3 (10)
Reflux disease 4 (15) 1 (3)
Prolonged preoperative fasting 2 (8) 3 (10)

Data represent absolute number of physicians (percentages) that scored the patient or procedure characteristic as 
a risk factor for ponV.
* The number of physicians who completed the survey
ponV = postoperative nausea and vomiting
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Physicians of the intervention group considered more factors from the formal prediction 
rule to be important predictive factors (median 3, interquartile range (IQr) 1 – 4) as compared 
to physicians of the care-as-usual group (median 1, IQR 0.75 – 2) Overall, they considered a 
similar number of other factors – not used in the prediction model – to be predictive of ponV 
(median of 2 for both groups, overall IQR 1 – 3). The differences between the allocation groups 
were reflected by differences in the standardized summary z-score (see Chapter 4, Table 4.4).

making decisions on preventive antiemetic strategies
Physicians of both allocation groups considered ondansetron, droperidol and dexamethasone 
equally effective as prophylactic antiemetic drugs (Table 8.3). Physicians of the intervention 
group reported to use more prophylactic ondansetron (median 75 vs. 56, on a 0 – 100 VAS) 
and dexamethasone (median 52 vs. 16) than physicians of the care-as-usual group, whereas for 
droperidol they reported it to be the same (median 50 vs. 50). Ondansetron was considered 
the drug with the least side effects and contraindications, especially by care-as-usual group 
physicians. In contrast, care-as-usual group physicians considered dexamethasone to be the 
antiemetic with the most side effects (median 60, IQR range 50 – 70) and contraindications 
(median 70, IQR 50 – 76), whereas the intervention group physicians considered droperidol 
and dexamethasone equally harmful (medians 50 to 56). Overall, intervention group physi-
cians had a more positive standardized summary z-score than care-as-usual physicians (see 
Chapter 4, Table 4.4).

Table 8.3 Survey results on making decisions on prophylactic antiemetic strategies

Care-as-Usual Group Intervention Group

(n = 24)* (n = 29)*
I often use ondansetron as prophylaxis 56 (49 – 85) 75 (67 – 86)
Ondansetron is effective as prophylaxis 65 (62 – 76) 68 (59 – 81)
Ondansetron has many side effects 15 (8 – 50) 25 (13 – 40)
Ondansetron has many contraindications 20 (10 – 41) 29 (16 – 36)
I often use droperidol as prophylaxis 50 (20 – 60) 50 (22 – 61)
Droperidol is effective as prophylaxis 62 (50 – 70) 60 (50 – 68)
Droperidol has many side effects 52 (47 – 68) 50 (28 – 60)
Droperidol has many contraindications 50 (41 – 59) 50 (30 – 57)
I often use dexamethasone as prophylaxis 16 (0 – 40) 52 (15 – 62)
Dexamethasone is effective as prophylaxis 56 (42 – 68) 64 (50 – 74)
Dexamethasone has many side effects 60 (50 – 70) 50 (37 – 60)
Dexamethasone has many contraindications 70 (50 – 76) 56 (44 – 67)

Data represent medians (interquartile ranges) for each statement, scored on a 0 – 100 visual analogue scale with 0 = 
‘I strongly disagree’ and 100 = ‘I strongly agree’
* The number of physicians who completed the survey
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attitude towards the use of prediction models and decision support 
for prophylactic treatment of PONV
The risk-tailored use of ponV prophylaxis was highly supported by all participating physicians 
(intervention group 90%, care-as-usual group 96%). Moreover, all physicians agreed that it is 
better to give ponV prophylaxis based on a patient’s actual risk, instead of to every patient, 
ignoring the actual risk (Table 8.4). A majority of physicians believed that an evidence-based 
prediction model would render a more accurate estimation of a patient’s individual ponV risk 
than a clinician solely clinical judgment (intervention group 69%, care-as-usual group 67%). 
When unaware of the predicted ponV risk, physicians of the intervention group would be 
more willing to administer ponV prophylaxis to everybody than physicians of the care-as-usual 
group (intervention group 47%, care-as-usual group 28%). For this topic, the standardized 
summary z-scores were similar for both allocation groups.

As already indicated by physicians during the interviews, physicians of the intervention 
group had a greater preference for a recommendation added to the predicted risk than 
physicians of the care-as-usual group (intervention group 59%, care-as-usual group 42%). 

Table 8.4 Survey results on the attitude towards the use of prediction models and decision 
support

Care-as-Usual Group Intervention Group

(n = 24)* (n = 29)*
Risk-based ponV prophylaxis1st 
vs. nobody2nd 23 (96) 26 (90)

Everybody ponV prophylaxis1st 
vs. nobody2nd 7 (29) 14 (48)

Risk-based ponV prophylaxis1st 
vs. everybody2nd 24 (100) 29 (100)

Prediction model1st  
predicts better than physicians2nd 16 (67) 20 (69)

Prefer presentation of the risk at the or1st  
over the ope2nd 16 (67) 12 (41)

Prefer a recommendation1st 
over a risk2nd 10 (42) 17 (59)

Prefer a protocol1st 
over a recommendation2nd 4 (17) 4 (14)

Presented risk1st 
more important than ease of use2nd 7 (29) 4 (14)

Recommendation1st 
more important than ease of use2nd 12 (50) 15 (52)

Presented risk1st 
more important than feedback on results2nd 11 (46) 12 (41)

Recommendation1st 
more important than feedback on results2nd 9 (38) 14 (48)

Data represent absolute number of physicians (percentages) that preferred the first statement (1st) over the second 
statement (2nd). The first statement was considered most favorable towards the use of a prediction model for ponV 
prophylaxis.
* The number of physicians who completed the survey
or = operating room; ope = outpatient evaluation; ponV = postoperative nausea and vomiting
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When compared to the ease of use of decision support, intervention group physicians had 
a greater preference for the recommendation (preference for recommendation: intervention 
group 38%; care-as-usual group 21%. None of the physicians preferred the predicted risk 
alone). When compared to receiving individualized feedback on ponV the differences were 
smaller, intervention group physicians had a slightly greater preference for the recommendation 
(intervention group 10%; care-as-usual group 8%), whereas care-as-usual group physicians 
had a greater preference for the predicted risk alone (intervention group 3%; care-as-usual 
group 17%). For the combined result the intervention group also had a greater preference for 
the recommendation, which was statistically significant (median score intervention group 1; 
care-as-usual group 0; p < 0.05).

Overall, the mean of the total summation z-score was 0.66 (SD 2.4) for the intervention 
group and was –0.80 (SD 2.4) for the care-as-usual group (p < 0.05). As there was no differ-
ence between groups for ‘Attitudes towards prediction models and decision support’, the 
combined z-score for the other three topics without ‘Attitudes towards prediction models and 
decision support’ was also reported in Table 4.4 of Chapter 4. A density plot was graphed 
for all four summary z-scores and the total summation z-score to facilitate interpretation of 
the differences between the two study groups (see Chapter 4, Figure 4.1). Gaussian kernel 
estimates were used for the density plots, using the function beanplot from the beanplot 

Table 8.5 Mixed effects regression analysis adjusted for the total summation z-score from 
the survey, compared with the results from the original analysis

Adjusted for total 
summation z-score* Original analysis*,†

PONV incidence (primary outcome)
Intervention group 0.95 (0.84 – 1.06) 0.97 (0.87 – 1.10)
Predicted risk‡ 2.30 (2.08 – 2.55) 2.29 (2.07 – 2.54)
Interaction: study group and predicted risk‡ 0.92 (0.80 – 1.05) 0.92 (0.80 – 1.05)
Total summation z-score 1.00 (1.00 – 1.01) n/a

No. of prophylactic antiemetics (secondary outcome)
Intervention group 1.86 (1.51 – 2.30) 2.03 (1.64 – 2.50)
Predicted risk§ 2.21 (1.88 – 2.60) 2.16 (1.84 – 2.53)
Interaction: study group and predicted risk§ 1.55 (1.23 – 1.96) 1.63 (1.30 – 2.03)
Total summation z-score 1.00 (1.00 – 1.01) n/a

Numbers for the primary outcome represent odds ratios with 95% confidence intervals for the fixed effects.
Numbers for the secondary outcome represent rate ratios with 95% confidence intervals for the fixed effects.
All analyses included time as a covariable.
* After multiple imputation using 10 imputation datasets
† The results of the original analysis of the cluster-randomized impact trial
‡ Odds ratios represent predicted risks of 100% (a probability of 1)
§ Rate ratios represent predicted risks of 100% (a probability of 1)
ponV = Postoperative Nausea and Vomiting
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package in R software, version 3.0.1 (the beanplot function uses the density function from 
the stats package for kernel estimates).

additional questions for the intervention group
Of the physicians of the intervention group, 7 (24%) reported that the predicted risk as 
presented to them was most of the time similar to their own assessment of the ponV risk for 
that particular patient. For 13 physicians (45%) the predicted risk was mostly higher than their 
own assessment, whereas the remaining 9 physicians (31%) reported that for most patients 
the predicted risk was either lower or higher than their own assessment, but rarely the same. 
Moreover, only two physicians of the intervention group (7%) had expected a higher inci-
dence of ponV among their own patients than was reported to them by the individualized 
feedback. For 7 physicians (24%) their individual ponV incidences were according to their 
expectancy, whereas 20 physicians (69%) reported that their individual ponV incidences 
were higher – or even much higher – than they had expected.

adjusting the original trial’s analysis
When the total summation z-score of the survey was used to adjust the original mixed 
effects regression analyses,2 results were similar to the original results for both the primary 
and secondary outcome (Table 8.5). There was no association between the total summation 
z-score itself and the incidence of ponV (odds ratio 1.0, 95% CI 1.0 – 1.0) or the administration 
of prophylactic antiemetics (rate ratio 1.0, 95% CI 1.0 – 1.0).
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summary

W hen presenting their doctor with signs and symptoms, patients first want to know 
the diagnosis. Once a diagnosis has been established, they would like their doctor 
to explain the available treatment options. They also want to know which course 

the disease will run – with and without treatment – to decide whether they will accept a 
proposed treatment or refrain from doing so. In other words: they are interested in their 
prognosis. Thus, finding the correct diagnosis and estimating the prognosis are important 
conditions for taking a medical decision.

A clinical prediction model can assist doctors in arriving at the most likely diagnosis or 
estimating the prognosis. By utilizing various patient and disease related properties, such 
models can yield objective estimations of the risk of a disease or the probability of a certain 
disease course for individual patients. This individual probability can then be used by doctors 
in their decision making process, thereby (hopefully) improving patient outcome.

A prediction model can only improve medical decision making when the probability estimates 
are both accurate and valid in ‘new’ patients. The model’s predictive value can be verified 
in an ‘external’ validation study, i.e., in a different clinical setting. However, even if a model’s 
predictive value is good, that does not guarantee that using such a model in clinical practice 
will enhance a doctor’s decision making. In so-called ‘impact studies’ the prediction model 
is implemented in daily practice and the effect on clinical outcomes is compared to care-as-
usual – i.e., care without using the model.

Chapter 2 describes the process of preparing a prediction model for postoperative nausea 
and vomiting (ponV) for implementation in the anesthesiology department of an academic 
hospital (UMC Utrecht). The prediction model was previously developed using patient data 
from another academic hospital (AMC, Amsterdam) and subsequently validated in Utrecht. 
Due to differences between the Amsterdam and Utrecht practices, and ongoing changes in 
the field of anesthesiology, the original model was not deemed suitable for implementation 
in its original form. Guided by these clinical differences and practice changes we were able 
to update the model, which improved the predictive value for the clinical practice in Utrecht.

146



In chapter 3 we studied the effects of the implementation of the ponV prediction model by 
means of a large-scale randomized trial. The research question was whether the prediction 
model improved doctors decisions as to which patients should be administered ponV prophy-
laxis during surgery. We also determined if the prophylaxis indeed reduced ponV. For the 
study, the prediction model was implemented in the form of decision support. This decision 
support was then randomly presented to half of the doctors of the anesthesiology depart-
ment of the Utrecht hospital (the intervention group). The decision support tool presented 
the predicted ponV probability for an individual patient to his / her anesthesiologist in the 
electronic patient record during surgery. Since we only presented the calculated probability 
of ponV, this was an ‘assistive’ (not ‘directive’) form of decision support. The latter would 
have meant presenting the doctor also with a corresponding treatment advice. Compared 
to the control group of doctors to whom the decision support was not offered, the doctors 
in the intervention group administered more ponV prophylaxis to their patients, particularly 
to patients with a high predicted risk. However, this positive effect on doctors’ behavior did 
not result in a corresponding beneficial effect on patient outcome, as there was no difference 
in the incidence of ponV among patients from doctors in both study groups. We concluded 
that the increase in ponV prophylaxis prompted by the risk-based decision support was not 
sufficient to yield a clear advantage for patients.

Through interviews and surveys, the discrepant results of chapter 3 were explored in chapter 4. 
A viable explanation for these discrepancies is that the increased prescription of ponV prophy-
laxis caused by using the prediction model is still insufficient to achieve a positive effect on 
patients. The absolute increase in ponV prophylaxis was small in the randomized trial, and 
doctors could have administered more ponV prophylaxis to high-risk patients. Using interviews 
and surveys, the doctors who participated in the randomized study were questioned about 
their decision making regarding ponV prophylaxis, how they interpreted model-based ponV 
predictions, and subsequently, how the presented probabilities influenced their decisions.

Four barriers for the use of the prediction model in decision making on ponV prophylaxis 
emerged. First, it appears that preventing ponV is not a major concern for anesthesiolo-
gists during the surgical procedure. Secondly, decisions on ponV prophylaxis are mainly 
taken intuitively, rather than being deduced from conscious and analytic considerations. 
Thirdly, simply presenting predicted ponV probabilities was not perceived as an easy-to-use 
tool in decision making regarding prophylaxis, especially when not accompanied by treatment 
recommendations. Finally, some respondents argued that a prediction model for ponV does 
not take into account the risks of ponV prophylaxis for individual patients or their comorbidity.

Together, these impeding factors could explain the limited increase in the doctors’ use of 
ponV prophylaxis in the randomized trial. Using probability estimates during a decision can 
be problematic, because the probability estimates need to be consciously integrated with the 
clinical experience of the doctor to properly assess the pros and cons of ponV prophylaxis. 
Thus, in a high workload environment – such as an operating room – the conscious use of a 
probability may require extra attention from doctors, especially when the decision is usually 
made intuitively. When the decision is related to a low-priority subject for doctors – as in 
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the case of ponV – then it is understandable why doctors did not always spend the extra 
effort. Therefore, when a prediction model is set to be used as a decision support tool, it is 
important to ensure that the decision support is as closely tailored to the doctors’ workflow 
as possible, so as to minimize the need for extra attention. Adding an actionable recommen-
dation on treatment or further diagnostic testing to the predicted probability – i.e., directive 
decision support – could well be a first step towards reducing the attention required for the 
use of decision support.

Chapter 5 documents how the prediction model for ponV was subsequently implemented 
in Utrecht in the same anesthesiology practice, but now in the form of ‘directive’ decision 
support. In this before-after study, the presentation of the predicted ponV probability – now 
with a corresponding advice for the administration of ponV prophylaxis – led to a larger 
increase in the actual administration of ponV prophylaxis by doctors than in the randomized 
trial of chapter 3. In contrast to the randomized trial, the increased administration of ponV 
prophylaxis in the before-after study lowered the incidence of ponV in patients with a high 
predicted risk of ponV. Despite this decrease, a substantial number of patients was still 
suffering from ponV. For a truly ‘ponV-free’ hospital, even more liberal administration of ponV 
prophylaxis would be required.

Chapter 6 summarizes the research team’s experiences gained from the design, analysis and 
interpretation of the implementation studies regarding the ponV prediction model. These expe-
riences may help guide further development of studies into the implementation of prediction 
models (Impact Studies). A prerequisite for such implementation research is to realize that a 
prediction model is a complex intervention. Consequently, it is necessary, at all stages of the 
research, to take into account the clinical problem for which the model is going to be used, 
as well as the clinical practice in which the model is to be implemented. Often, the predic-
tion model requires an update before it can be implemented, so that the predictive value is 
guaranteed in the clinical practice. A format for effective implementation of the prediction 
model as a decision support tool must be designed. For example, decision support could be 
implemented as an automated tool in the electronic patient record. Background information 
on how the model calculates the predicted probability might be provided to the user. Finally, 
one must decide if ‘actionable’ treatment advice will be added to the predicted probability.

One should also bear in mind that the implementation of a prediction model is a ‘complex 
intervention’ that can have both intended and unintended effects. Doctors obtain information 
from the prediction model, which they then need to interpret and use in their decisions. Exactly 
how they will do this is not always clear in advance. Because of the possible side effects, 
the ultimate consequence for the patient is not simply the sum of the predictive value of the 
model supplemented with the change in the doctor’s behavior. It is important to consider in 
advance, whether patient outcome should be studied in the implementation study, or whether 
studying the effect of the prediction model on doctors’ behavior will suffice. Additionally, one 
can take unintended and unexpected effects into account in the study design. Randomization 
at doctor level can prevent unintended learning effects and measures can be taken to avoid 
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so-called contamination between study groups. Both learning effects and contamination 
could dilute the apparent effects of the prediction model on the doctors’ behavior. Gathering 
additional information – through both qualitative and quantitative methods – may improve 
understanding of possible unintended effects of the prediction model. When these aspects 
are considered in advance, one can better estimate the ‘feasibility’ of a prediction model 
implementation study.

In chapter 7 we argue that, as of yet, clinical prediction models and decision support do 
not sufficiently take into account the context of the problem they are targeting. In their 
daily decision making, doctors depend on the context in which a patient and a problem are 
presented. Approaching the problem within the context is an essential method for humans 
to deal with the complexity of a problem. On the other hand, prediction models and decision 
support use a mathematical approach and relatively simple logic. Decision support should help 
doctors in making appropriate medical decisions. It is therefore of great importance that they 
are able to interpret decision support information within the context of the problem. If such 
interpretation is in any way impeded, decision support can actually be confusing, complicating 
the decision process of doctors. It is likely that the joint forces of doctors and technology 
will produce better decisions than either of them exclusively: after all, they do have different 
ways of dealing with the complexity of a decision and are thus complementary. Therefore, 
the future challenges of decision support do not reside in the optimization of the predictive 
value of the underlying models and algorithms, but equally in the effective communication 
of information and its context to doctors.
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I n de spreekkamer willen patiënten graag van hun arts weten welke diagnose het beste 
bij hun klachten past en welke behandelingsmogelijkheden daarbij horen. Daarnaast 
willen patiënten bij de keuze voor behandeling of juist het afzien van behandeling, graag 

vooraf weten hoe volgens de arts het beloop van de ziekte zal zijn. Met andere woorden: ze 
willen weten wat de prognose is. Het vinden van de juiste diagnose en het inschatten van 
de prognose zijn dus belangrijke voorwaarden voor het nemen van een medische beslissing.

Een klinisch voorspelmodel (predictiemodel) kan artsen helpen bij het stellen van de juiste 
diagnose of het inschatten van een prognose. Doordat het model gebruik maakt van diverse 
patiënt- en ziektegerelateerde kenmerken, geeft het een objectieve schatting van de kans op 
ziekte of de kans op een bepaald ziektebeloop voor een individuele patiënt. Deze individuele 
kans kan vervolgens door artsen gebruikt worden om een betere beslissing te nemen en 
daarmee de uitkomst voor de patiënt te verbeteren.

Een voorspelmodel kan alleen maar leiden tot betere medische beslissingen, wanneer de 
kansschattingen ook accuraat en valide zijn voor “nieuwe” patiënten. Deze voorspellende 
waarde van het model kan geverifieerd worden in een extern validatie-onderzoek. Maar 
zelfs wanneer de voorspellende waarde van een model is aangetoond, is het nog niet zeker 
dat dit ook daadwerkelijk de beslissingen van artsen verbetert. Dit kan onderzocht worden 
in zogenaamde ‘impact studies’, waarbij het voorspelmodel geïmplementeerd wordt in de 
dagelijkse praktijk en de verandering in zorg door het gebruik van het model wordt vergeleken 
met de reguliere zorg door artsen die het model niet gebruiken.

Hoofdstuk 2 beschrijft hoe een voorspelmodel voor misselijkheid en braken na een operatie 
(pomb, postoperatieve misselijkheid en braken) werd voorbereid voor implementatie op een 
afdeling anesthesiologie van een academisch ziekenhuis (UMC Utrecht). Dit voorspelmodel 
werd eerder ontwikkeld met behulp van patiëntgegevens uit een ander academisch zieken-
huis (AMC, Amsterdam) en gevalideerd in Utrecht. Vanwege enkele verschillen tussen de 
Amsterdamse en Utrechtse praktijk en enkele veranderingen binnen de anesthesiologie was 
het oorspronkelijke model niet toereikend om direct geïmplementeerd te worden. Op geleide 
van deze klinische verschillen en veranderingen werd het model aangepast, waardoor de 
voorspellende waarde van het model voor de Utrechtse praktijk verbeterde.

samenvatting
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In hoofdstuk 3 wordt het effect van de implementatie van het voorspelmodel voor pomb bestu-
deerd door middel van een grootschalig gerandomiseerd onderzoek. Het onderzoek brengt in 
kaart of het voorspelmodel artsen beter in staat stelt om te beslissen of hun patiënten medicatie 
als misselijkheidsprofylaxe moeten krijgen tijdens de ingreep. Vervolgens wordt gekeken of 
deze profylaxe dan ook tot minder misselijkheid en braken leidt. Voor het onderzoek werd het 
voorspelmodel in de vorm van zogenaamde beslissingsondersteuning geïmplementeerd – ook 
wel bekend onder de Engelse term ‘Decision Support’. Deze beslissingsondersteuning werd 
vervolgens at random aangeboden aan de helft van de artsen van de afdeling anesthesiologie 
van het Utrechtse ziekenhuis (de interventiegroep). De beslissingsondersteuning presenteert 
de voorspelde kans op pomb van een individuele patiënt gedurende de ingreep aan diens 
behandelend arts in het elektronische verslagleggingssysteem. Het aanbieden van alleen deze 
kans is ‘assisterend’ en niet ‘directief’, wat betekent dat er geen bijbehorend behandeladvies 
wordt gepresenteerd aan de artsen. In vergelijking met de andere helft van de artsen aan wie 
de beslissingsondersteuning niet werd aangeboden (de controlegroep), gaven de artsen van 
de interventiegroep meer misselijkheidsprofylaxe aan hun patiënten, en dan met name aan 
patiënten met een hoog voorspeld risico. Dit positieve effect van het voorspelmodel op het 
risicogestuurd voorschrijfgedrag van de artsen kwam echter niet overeen met het effect op de 
uitkomst van patiënten. De toename in misselijkheidsprofylaxe leverde de patiënten namelijk 
geen duidelijk voordeel op, aangezien er geen verschil was tussen de onderzoeksgroepen in 
het vóórkomen van misselijkheid en braken.

De discrepantie in de resultaten van hoofdstuk 3 wordt in hoofdstuk 4 nader onderzocht 
door middel van interviews en enquêtes. Een mogelijke verklaring voor deze discrepantie is 
dat de toename in het gebruik van misselijkheidsprofylaxe die veroorzaakt wordt door het 
voorspelmodel nog steeds onvoldoende is om een positief effect op de patiënt te kunnen 
bewerkstelligen. De toename in misselijkheidsprofylaxe is in het gerandomiseerd onderzoek 
beperkt, en artsen zouden nog meer misselijkheidsprofylaxe aan hoog-risico patiënten kunnen 
geven. Middels de interviews en enquêtes werd de artsen die deel namen aan het gerando-
miseerd onderzoek gevraagd naar: hun besluitvorming omtrent misselijkheidsprofylaxe, hoe 
voorspelde kansen voor pomb worden geïnterpreteerd, en vervolgens hoe deze kansen hun 
besluitvorming beïnvloeden.

Uit de interviews en enquêtes komen vier belemmerende factoren naar voren voor het 
gebruik van het voorspelmodel. Allereerst blijkt dat pomb geen belangrijk aandachtspunt 
is voor de artsen tijdens de chirurgische procedure. Ten tweede worden beslissingen over 
misselijkheidsprofylaxe vooral intuïtief genomen, in plaats van dat het bewuste en analytische 
afwegingen zijn. Ten derde zijn voorspelde kansen niet makkelijk te gebruiken in de besluit-
vorming omtrent misselijkheidsprofylaxe wanneer er geen advies over behandeling aan de 
kansen gekoppeld is. En als laatste neemt een voorspelmodel voor pomb niet de risico’s van 
misselijkheidsprofylaxe voor individuele patiënten en hun comorbiditeit in overweging.

Tezamen vormen deze belemmerende factoren een mogelijke verklaring voor de beperkte 
toename in het gebruik van misselijkheidsprofylaxe door artsen in het gerandomiseerd 
onderzoek. Het gebruik van een voorspelde kans in een beslissing kan lastig zijn, omdat de 

151saMenvattIng



kans bewust geïntegreerd moet worden met de klinische ervaring van de arts om een goede 
afweging van voor- en nadelen van misselijkheidsprofylaxe te kunnen maken. In een omge-
ving met een hoge werkdruk– zoals op een operatiekamer – kan het bewust gebruiken van 
een kans extra aandacht vergen van artsen, zeker wanneer de beslissing normaliter intuïtief 
verloopt. Betreft de beslissing dan ook nog een onderwerp dat niet een hoge prioriteit heeft 
voor artsen – zoals in het geval van pomb – dan is het wel te begrijpen waarom artsen de extra 
aandacht niet altijd opbrengen. Wanneer een voorspelmodel als beslissingsondersteuning 
gebruikt gaat worden, is het dus zaak om ervoor te zorgen dat de beslissingsondersteuning 
zo goed mogelijk aansluit bij het werkproces van de arts en daardoor zo min mogelijk extra 
aandacht vergt. Een advies over behandeling of vervolgonderzoek toevoegen aan de voor-
spelde kans – d.w.z. directieve beslissingsondersteuning – kan een eerste stap zijn voor het 
reduceren van de aandacht die nodig is om de beslissingsondersteuning te gebruiken.

Hoofdstuk 5 beschrijft hoe het voorspelmodel voor pomb opnieuw werd geïmplementeerd 
in dezelfde Utrechtse anesthesiologische praktijk, maar dan in de vorm van ‘directieve’ 
beslissingsondersteuning. In dit voor-na onderzoek leidde het presenteren van de voorspelde 
kans op pomb met een daarbij horend advies voor het toedienen van misselijkheidsprofylaxe 
tot een grotere toename in de daadwerkelijke toediening van misselijkheidsprofylaxe door 
artsen dan in het gerandomiseerde onderzoek van hoofdstuk 3. In tegenstelling tot het eerdere 
gerandomiseerde onderzoek, leidde het ruimer toedienen van misselijkheidsprofylaxe in dit 
onderzoek wel tot een afname in het vóórkomen van pomb onder patiënten met een hoog 
risico op pomb. Ondanks deze afname blijft nog steeds een groot deel van de patiënten last 
houden van pomb. Voor een echt ‘pomb-vrij’ ziekenhuis zal het nog ruimhartiger toedienen 
van misselijkheidsprofylaxe nodig zijn.

Hoofdstuk 6 geeft een samenvatting van de ervaringen die het onderzoeksteam heeft het 
opgedaan met het opzetten, analyseren en interpreteren van het implementatieonderzoek naar 
het voorspelmodel voor pomb. Deze ervaringen kunnen een leidraad vormen voor het opzetten 
van andere onderzoeken naar de implementatie van voorspelmodellen (Impact Studies). Een 
randvoorwaarde voor het opzetten van een dergelijk implementatieonderzoek is te beseffen 
dat het voorspelmodel een complexe interventie is. Het is daarom noodzakelijk om in alle 
fases van het onderzoek rekening te houden met het klinische probleem waarvoor het model 
gebruikt gaat worden en de klinische praktijk waarin het model geïmplementeerd wordt. Het 
voorspelmodel behoeft vaak een update voordat het geïmplementeerd kan worden, zodat de 
voorspellende waarde in de klinische praktijk gewaarborgd blijft. Er moet een vorm ontworpen 
worden waarin het voorspelmodel daadwerkelijk als beslissingsondersteuning geïmplementeerd 
kan worden. Hierbij kan gedacht worden aan het toevoegen van een behandeladvies aan 
de kans, maar ook aan het geautomatiseerd aanbieden van de informatie in het elektronisch 
patiëntendossier en aan het verstrekken van achtergrondinformatie over hoe het model tot 
de voorspelde kans komt.

Vervolgens moet er rekening mee gehouden worden dat het implementeren van een 
voorspelmodel een complexe interventie is die ook onvoorziene neveneffecten kan hebben. 
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Artsen krijgen informatie van het voorspelmodel die zij vervolgens moeten interpreteren 
en gebruiken in hun beslissingen. Hoe zij dat zullen doen, is zeker niet altijd van te voren 
duidelijk. Vanwege de mogelijke neveneffecten is het uiteindelijke gevolg voor de patiënt 
niet simpelweg de optelsom van de voorspellende waarde van het model en de verandering 
in het gedrag van de arts. Het is daarom van belang om van te voren te overwegen of in 
het implementatieonderzoek het gevolg voor de patiënt moet worden onderzocht, of dat 
kan worden volstaan met het in kaart brengen van het effect van het voorspelmodel op de 
beslissingen van de artsen. Ook in de onderzoeksopzet kan rekening gehouden worden met 
onbedoelde en onverwachte effecten. Randomisatie op arts-niveau kan een onbedoeld leer-
effect voorkómen en er kunnen maatregelen getroffen worden om zogenoemde contaminatie 
tussen de onderzoeksgroepen te vermijden. Beiden zouden immers vertroebeling van de 
onderzoeksresultaten kunnen veroorzaken. Het verzamelen van extra informatie – door middel 
van zowel kwalitatieve als kwantitatieve methoden – kan helpen om meer inzicht te krijgen 
in de onbedoelde neveneffecten. Wanneer deze aspecten van te voren worden overwogen, 
kan een inschatting gemaakt worden van de ‘levensvatbaarheid’ van een onderzoek naar de 
implementatie van een voorspelmodel.

In hoofdstuk 7 wordt beargumenteerd dat klinische voorspelmodellen en beslissingsonder-
steuning op dit moment onvoldoende rekening houden met de context van het probleem 
waarop ze gericht zijn. Artsen zijn in hun dagelijkse besluitvorming afhankelijk van de context 
waarin patiënt en probleem gepresenteerd worden. Het probleem vanuit de context benaderen 
is voor mensen een essentiële methode om met de complexiteit van het probleem om te 
gaan. Voorspelmodellen en beslissingsondersteuning gebruiken daarentegen een wiskundige 
benadering en relatief eenvoudige logica. Beslissingsondersteuning moet artsen helpen bij het 
nemen van juiste medische beslissingen. Het is dan ook van groot belang dat zij de informatie 
van de beslissingsondersteuning binnen de context van het probleem kunnen interpreteren. 
Wanneer dat niet mogelijk is, kan beslissingsondersteuning juist verwarrend werken en het 
beslisproces van artsen bemoeilijken. Het is aannemelijk dat door bundeling van krachten, 
artsen en technologie samen tot betere beslissingen kunnen komen dan één van beide op 
zichzelf: ze hebben immers een verschillende manier van omgaan met de complexiteit van 
een beslissing en zijn dus complementair. De uitdaging voor de toekomst van beslissingson-
dersteuning ligt daarom niet alleen in het optimaliseren van de voorspellende waarde van de 
onderliggende modellen en algoritmes, maar ook in het effectief communiceren van informatie 
en diens context naar artsen.
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