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Abstract
Clinical prediction models are statistical or machine learning models used to quantify the risk of a certain health outcome 
using patient data. These can then inform potential interventions on patients, causing an effect called performative prediction: 
predictions inform interventions which influence the outcome they were trying to predict, leading to a potential underestima-
tion of risk in some patients if a model is updated on this data. One suggested resolution to this is the use of hold-out sets, 
in which a set of patients do not receive model derived risk scores, such that a model can be safely retrained. We present an 
overview of clinical and research ethics regarding potential implementation of hold-out sets for clinical prediction models in 
health settings. We focus on the ethical principles of beneficence, non-maleficence, autonomy and justice. We also discuss 
informed consent, clinical equipoise, and truth-telling. We present illustrative cases of potential hold-out set implementations 
and discuss statistical issues arising from different hold-out set sampling methods. We also discuss differences between hold-
out sets and randomised control trials, in terms of ethics and statistical issues. Finally, we give practical recommendations 
for researchers interested in the use hold-out sets for clinical prediction models.
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1  Introduction

One typical goal of machine learning is to predict an out-
come Y given a set of covariates (features) X [1]. Here we 
focus on binary outcomes, where Y denotes whether an event 
of interest occurs ( Y = 1 ) or not ( Y = 0 ). Risk scores are 

often used to estimate the probability of observing the event 
Y = 1 given the values of X. In healthcare applications, this is 
commonly referred to as a clinical prediction model (CPM), 
where X captures the patient-level information and Y would 
represent a health outcome being present or occurring in the 
future [2]. It is worth noting that models which aim to pre-
dict a probability of future outcome are referred to as “prog-
nostic rules”, while those that aim to predict the probability 
of an intervention being successful are called “prescriptive 
rules” [3]. This paper primarily deals with prognostic rules. 
Thus the output of a CPM in our case is a risk score, that is 
Pr(Y = 1|X) . For example, the EuroSCORE II CPM predicts 
whether a patient will die prior to hospital discharge after 
cardiac surgery using the patient’s age, gender and existing 
medical conditions as input covariates [4].

A fundamental issue in the development and application 
of CPMs is their accuracy and how this evolves over time. If 
the distribution of (X, Y) changes (often called “drift”), then 
the risk scores may become biased, leading to less accurate 
predictions [5]. For example, one study showed that drift 
affecting model accuracy occurred in several machine learn-
ing methods when predicting 30-day mortality after hospital 
admission [6].
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Reasons for drift can be diverse and can act simultane-
ously [7]. These can include changes in the distribution of 
Y (e.g. increase prevalence of a disease), changes in rela-
tionships between X and Y (e.g. a risk factor becoming less 
predictive), changes in the distribution of X (e.g. an aging 
population, if age is a predictor), as well as “performa-
tive prediction” effects [8, 9]. Performative prediction is 
a potentially understudied concept in which a risk score 
influences the distribution of (X, Y) through interventions 
made based on its predictions. When used in this way, 
CPMs inform what are referred to as Clinical Decision 
Support Systems [10]. In a health context, interventions 
made based on risk scores distributed to patients or doc-
tors may induce some performative effect: individuals with 
high risk scores may be prioritised for intervention which, 
if successful, may reduce their risk - thus changing the 
relationship between X and Y. For example with QRISK3, 
a model which predicts 10-year risk of cardiovascular dis-
ease, a high risk score can inform an intervention such as 
a prescription of statins for the patient [11]. If the model 
were to be retrained using post-intervention data as input, 
similar patients would receive risk scores which are under-
estimations of their true risk [12]. Performative effects can 
be amplified by having a more effective model or interven-
tion, resulting in models becoming “victims of their own 
success” [13].

There is no consensus within the field on how to deal 
with a performative effect in a prediction-intervention sys-
tem. The natural response to drift is to re-train (update) 
the model using more recent data. However, as illustrated 
above, this is not optimal in the presence of performative 
effects. One method which has been proposed is to “hold-
out” a set of individuals who do not receive risk score 
guided interventions, on which a model can be retrained 
[12]. Hold-out sets are similar to control arms in clini-
cal trials, but the goal is to mitigate the effects of per-
formative prediction when updating a CPM rather than to 
measure the effect of the CPM itself (such as whether a 
measured decrease in patients with Y = 1 occurs). While 
hold-out sets may be trivial to implement in other contexts 
where the prediction does not affect a person’s well-being 
(e.g. a social media platform which uses a model to predict 
whether someone will click an advertisement), this is not 
the case with CPMs. If hold-out sets are to be a solution 
to the performative prediction problem in CPMs, there 
are a number of ethical, practical and statistical issues 
which need to be considered. We consider these issues 
in the context of different forms of hold-out set sampling, 
with the view to aiding more informed decision making by 
researchers looking to use this method. Although the ethi-
cal considerations are applicable to other health systems, 
this paper takes a UK focus.

2 � Methods

2.1 � Setting

CPMs can exist in a range of settings, using different data 
sources, and affecting interventions in different ways. We con-
sider the following setting:

A CPM is trained on patient-level clinical information 
(e.g previous diagnoses) to predict whether a patient will 
go on to develop an adverse health outcome (e.g. dis-
ease) under standard medical care. Risk scores are then 
distributed to physicians. They may use these to inform 
interventions which they recommend to the patient in 
order to prevent or delay adverse outcomes. Clinicians 
do not base interventions solely on the risk scores, but 
also on their expert assessment of the patient (which will 
generally include information not used by the CPM).

We assume that patients generally benefit from more accurate 
CPMs, and that risk scores are interpreted as “the risk under 
typical clinical practice if we did not use a CPM to inform 
interventions”. Furthermore, we assume that a sufficiently 
accurate CPM provides valuable information to a GP above 
with which they would otherwise have, allowing them to 
make an informed decision—this is the cause of performative 
effects. If drift occurs, the CPM gradually becomes less accu-
rate [6]. To address this, CPMs need to be updated (re-trained) 
using recent data. If there are performative effects, then the 
data used to re-train the model will reflect the actions per-
formed in response to predictions made by the original CPM. 
New CPMs fitted directly to these data will only estimate the 
risk of the outcome in the setting where the CPM was already 
in use. This may be a poor approximation of the “risk under 
typical practice” above. For instance, in the EuroSCORE2 
score [4], a risk score fitted directly to population data would 
approximate an individual’s risk of heart attacks after their 
doctor had already seen and possibly acted on their existing 
EuroSCORE2 score.

The use of a causal framework to model the effect of CPM-
informed interventions has been proposed as a solution this 
issue [13, 14]. However, direct measurement or recording of 
such interventions is often impractical, particularly in most 
UK healthcare settings which lack the required digital infra-
structure. To safely update a CPM in the presence of performa-
tive effects, we argue the need to have up-to-date data which 
reflects typical clinical practice without a CPM. This is tanta-
mount to the use of a hold-out set.

2.2 � Necessity of hold‑out sets

The use of hold-out sets modify the setting described above 
is as follows:
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A CPM is trained and mutually exclusive and comple-
mentary “hold-out” and “intervention” sets are sam-
pled, which we will refer to as (XH , YH) and (XI , YI) 
respectively, where the superscript refers to hold-out 
(H) or intervention set (I). Risk scores are then distrib-
uted to physicians, but only for patients in the inter-
vention set. Patients in the hold-out set have access to 
the same interventions as those in the intervention set, 
but do not have risk scores distributed to physicians 
which could inform decision making. When the CPM 
is updated, it uses data exclusively from the “hold-
out” set to train the model. Figure 1 displays the causal 
dynamics of the system, including how hold-out sets 
(XH ,YH) are used to retrain CPMs, and how performa-
tive effects occur in the intervention set (XI , YI).

Although the use of hold-out sets is not yet standard, 
and alternative options may be preferable in some cases, 
we argue toward their general necessity when monitoring 
and updating CPMs. Other possible methods such as causal 
modelling approaches have been suggested [14]. We argue 
that most CPMs will have a performative effect: indeed, 
CPMs are typically designed in order to bring about an effect 
on the outcome Y. Furthermore, medical systems or care 
pathways change with time, often deliberately, inducing non-
performative drift. This can cause the accuracy of CPMs to 
deteriorate, resulting in the need to update. Finally, most 
CPMs are used to guide interventions in complex circum-
stances, in which it is not possible to exactly specify actions 
which came about as a result of the CPM (for instance, the 
degree to which a decision to operate was directly influenced 
a patient’s EuroSCORE II assessment). This precludes direct 
measurement of the effect of the CPM on interventions and, 
in turn, on patient outcomes. Hence, this limits the use of 
causal modelling approaches at solving the problem of 

performative prediction when updating CPMs. By re-train-
ing a CPM on patients whose treatment is not influenced by 
the risk score, we continue to predict the “risk of outcome 
under typical clinical practice”.

Hold-out sets could be used to both monitor and update 
a CPM. Evaluating the effects of a risk score guided inter-
vention system is possible using a randomly sampled hold-
out set, in which the only difference between hold-out and 
intervention set is the use of CPM derived risk scores, akin 
to a treatment in clinical trials. Any “treatment effect” that 
comes with use of the model is then easily derived, with 
the control group being standard medical care. However, 
our arguments frame the use of hold-out sets primarily as 
a mechanism to update CPMs in the presence of performa-
tive effects, rather than as a research tool to gain knowledge. 
Additionally, hold-out sets can be used to retrain a CPM 
when enough drift has occurred to cause a deterioration in 
accuracy. By retraining on the hold-out set, performative 
effects of the risk scores are not present in the training data, 
ensuring risk scores more accurately reflect standard medi-
cal care (without a CPM).

2.3 � Sampling hold‑out sets

We consider three sampling methods for hold-out sets; sim-
ple random sampling, cluster randomised sampling and vol-
untary response sampling [15]. We will explore the merits 
and drawbacks of each. We note that existing analysis of 
hold-out sets implicitly consider only simple randomised 
sampling [16].

In a simple random sampling framework, hold-out sets 
are drawn as a uniform random sample of the population 
without the explicit informed consent of patients. This 
creates a hold-out set with a high degree of external valid-
ity. From a statistical perspective, this makes this form of 

Fig. 1   Dynamics of a CPM trained once and updated twice using hold-out set methodology. Squares containing X and Y denote covariates and 
outcome respectively, with superscripts I and H denoting mutually exclusive intervention and hold-out sets
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sampling ideal, as it does not introduce bias into the hold-
out set [15].

In cluster randomised sampling, the population is split 
into clusters (e.g hospitals or geographic areas), with the 
hold-out set consisting of patients from a number of ran-
domly selected clusters. Informed consent would not be 
gained from individuals. If the clusters in the hold-out set are 
biased in some way, then this will likely worsen the external 
validity of the hold-out set [15].

In a voluntary response setting, patients could explicitly 
consent to be included in a hold-out set. However, this would 
leave a number of statistical issues. Those who volunteer 
would likely not constitute a representative sample of the 
population, meaning the hold-out set would likely represent 
a biased sample [15]. This means that a model re-trained on 
the hold-out set would have poor external validity. Further-
more, it may be impractical to seek consent from sufficiently 
many volunteers to form an adequately sized hold-out set.

Precise comparison of statistical properties of the differ-
ent types of hold-out set sampling (e.g. sample size require-
ments) remains an open problem which is beyond the scope 
of this work.

2.4 � Ethical considerations

We principally consider the fundamental ethical principles 
of beneficence, non-maleficence, autonomy and justice [17]. 
We will assess hold-out set sampling methods against these 
ethical principles, alongside some further principles which 
derive from these.

2.4.1 � Beneficence

The principle of beneficence requires that treatments or poli-
cies benefit the individuals in the target population [18]. This 
presents an apparent dilemma. The use of hold-out sets can 
lead to a conflict between individual welfare (for those in the 
hold-out set), and common welfare. On a per-patient basis, if 
a sufficiently accurate CPM-derived risk score is available, 
the principle of beneficence obliges the physician to consider 
the risk score in their decision making process on interven-
tion/treatment [17]. However, this may lead to the presence 
of performative effects which, if not using hold-out sets, 
could result in a generally worse score for each individual 
in the population after the CPM is updated. The negative 
effects of inaccurate CPM-derived risk scores can accrue 
without bound over the population.

Generally, patients would have an expectation for physi-
cians to act in their best interests, and thus to universally 
consider available CPMs, eventually meaning that the 
CPM becomes inaccurate (and hence we lose benefit for 
all patients). In simple- and cluster- randomised sampling, 
given that consent would not be sought, the principle of 

beneficence may be broken at the individual level. However, 
collectively (applied to each individual in the total patient 
population), beneficence indicates that a medical regulator 
should take the option which results in more accurate risk 
scores. This suggests use of a randomised (or cluster-ran-
domised) hold-out set, since any other option leads to a less 
accurate updated CPM.

Cluster randomised sampling ensures an equivalent stand-
ard of care for patients in the same cluster, although means 
there are differing standards between clusters. This would 
ensure that at a patient level, physicians could still act in the 
best interests of patients using all available information to 
them at that time, but it would result in differences between 
outcomes for populations in different clusters (postcode lot-
teries of care).

Voluntary response sampling somewhat avoids the per-
patient violation of the principle of beneficence, since 
patients are knowingly agreeing to turn down the benefits 
associated to the use of a CPM (even with informed con-
sent gained for those in the hold-out set, a physician must 
still act in the best interest of a patient). However, since this 
approach will typically lead to a biased hold-out set and 
hence a less accurate model than would be attained with a 
randomised hold-out set, use of a voluntary response hold-
out set may violate the principle of beneficence on a popula-
tion scale.

2.4.2 � Non‑maleficence

Considerations of non-maleficence, the ethical principle 
of the avoidance of harming patients, [19, 20] largely mir-
ror those of beneficence. Gaining informed consent from 
patients does not give a blanket indemnity to use hold-out 
sets in scenarios where direct harm could occur to individu-
als due to inclusion in the hold-out set. It is thus vital that 
risks to patients are minimised after a decision is made on 
whether the patient receives a risk score. Depending on the 
outcome that is predicted by the CPM, patients in the hold-
out set may be at risk of harm if they are not intervened on. 
In those cases, it may not be ethically justifiable to use hold-
out sets even with consenting volunteers.

However, there is also non-maleficence considerations 
when employing CPMs without a hold-out set. If lack of a 
hold-out set leads to inaccurate risk scores, particularly for 
risk scores which underestimate risk for high risk patients, 
then those patients may be at risk of harm due to misdiag-
nosis or lack of interventions which may have otherwise 
been applied.

2.4.3 � Autonomy

Generally, the use of hold-out sets may be regarded as with-
holding valuable information with which a patient may make 
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rational, autonomous decisions. That is to say that, although 
a physician can recommend an intervention, a patient has 
the right to make the final decision. However, withholding 
a risk score does not affect the set of interventions available 
to a patient. Moreover, patients always retain the autonomy 
to go ahead with any interventions agreed with a physician 
in any form of hold-out sets.

The principle of autonomy in our setting could cover not 
only what choice is available to patients from a intervention 
perspective, but also whether a patient has had the chance 
to choose whether a CPM is used in their case. In the case 
of cluster randomised sampling, all patients within a cluster 
would have the same level of autonomy as each other within 
that cluster, resulting in an opportunity for a CPM to inform 
clinical decisions at a cluster level. However, given patients 
within a cluster randomised hold-out set sampling frame 
would not have given explicit informed consent to be in the 
hold-out, or not, dataset, this could be seen to be an unrea-
sonable withdrawal of patient autonomy.

Voluntary response sampling may be able to solve some 
issues regarding patient autonomy. In particular, patients 
would be volunteering to have risk scores withheld from 
themselves and physicians. Provided the patient maintains 
the ability to withdraw consent, they may still have ultimate 
autonomy over possible future interventions. Hence, volun-
tary response sampling generally may provide a greater level 
of autonomy to patients than randomised sampling without 
informed consent.

2.4.4 � Justice

One key consideration in any hold-out set CPM framework 
is that of distributive justice—that is, the fair distribution of 
healthcare services and treatments to patients.

If a CPM is trained on biased data, either on initial train-
ing, or when updating using a hold-out set, it may produce 
a model which disproportionately benefits over-represented 
groups [21]. Furthermore, it is possible for models to be 
unfair due to other modelling aspects even when the training 
data itself is an unbiased sample of the population. We nev-
ertheless argue towards a unbiased hold-out set as necessary 
for justice considerations.

Simple random sampling has the benefit of not systemati-
cally benefiting or harming certain protected classes such as 
race or gender by over/under inclusion in the hold-out set, 
relative to presence of these classes in the data source (as 
long as the general training dataset for the CPM is unbiased 
[22]).

Justice could be an issue in the case of cluster ran-
domised sampling. There would need to be careful consid-
eration given to whether any classes are being systemati-
cally selected due to availability or compromised positions. 
Given the geographic variance in health outcomes in the 

UK [23], it may also be difficult to obtain a truly representa-
tive sample, leading to a biased dataset and ultimately a less 
accurate CPM.

Voluntary response sampling is likely to lead to biased 
samples. In particular, it may lead to over-representation of 
certain groups in the hold-out set who are more likely to 
volunteer, known as volunteer bias. This occurs in traditional 
research cohorts such as the UK Biobank [24]. Volunteer 
bias will impact new risk scores upon model retraining, 
and may lead to worse accuracy amongst under-represented 
groups. Additionally, if certain groups volunteer for the 
hold-out set at greater rates, these groups will be dispropor-
tionately affected by any potential harms that presence in a 
hold-out set may bring. As discussed above, non-minimal 
harms to patients may not be ethically viable even with 
informed consent gained from patients.

Issues concerning incentives for volunteering arise when 
considering the principle of justice. Researchers and physi-
cians must take care to not unduly pressure patients to vol-
unteer to be in the hold-out set, as this could lead to system-
atically over-represented classes of “pressured” patients due 
to compromised position or availability. Correspondingly, 
if a group is known to be under-represented in a voluntary 
hold-out set, this may lead to patients volunteering in order 
to ensure representation of their own groups, which may be 
considered an unreasonable incentive.

2.4.5 � Informed consent

In the UK, it is not necessarily legally required to obtain 
informed consent from patients whose electronic health 
records data are used to train a CPM, even in the absence of 
any use of a hold-out set [25]. Patients can, however, opt out 
of having their data used for research [26]. Furthermore, a 
patient does not need to give consent for a CPM to be used 
to aid decision making.

However, in a hold-out setting, there is an additional con-
sideration. By withholding risk scores from certain indi-
viduals, we potentially deny them use of tools which could 
positively impact their outcomes. Withholding risk scores is 
not necessarily in the interests of the individual patient in the 
hold-out set; rather, it is in the interests of the population as 
a whole and potentially for the benefit of research. From an 
ethical perspective, informed consent may thus be necessary 
to withhold the use of risk scores in this way.

To guarantee an unbiased source of data which can be 
used to safely retrain prediction models which generalise to 
the full population, hold-out sets need to be randomly sam-
pled. Seeking consent from those in the hold-out set would 
be highly likely to cause participation bias [15], and logisti-
cally within the NHS infrastructure it may not be feasible. 
However, if the goal is a more generalisable model, absence 
of informed consent is necessary. In any CPM-intervention 
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setting, use of hold-out sets must be weighed against any 
risks to patients which arise as a result of not using a CPM. 
Therefore, the use of hold-out sets without informed consent 
must be weighed against the principle of non-maleficence 
as a priority, and is highly setting dependent. This argument 
extends to both simple and cluster randomised sampling.

In the case of voluntary response sampling, informed 
consent would be sought from all those in the hold-out set, 
but not necessarily those in the intervention set, which is 
seen as the default. This means that, ideally, patients in the 
hold-out set would be fully aware of any potential risks or 
lost benefits resulting from the withholding of risk scores. 
It should be noted that these patients would have access 
to the same interventions as those in the intervention set. 
However, risks to patients in the hold-out set would still 
need to be minimised, and in some settings this may not be 
acceptable even with consent. Furthermore, bias from vol-
untary response sampling may increase risks to individuals 
in the patient population through the use of less accurate 
risk scores.

2.4.6 � Clinical equipoise

The assumption of clinical equipoise, the ethical principle 
that there is genuine uncertainty about the best treatment, is 
a key component of the ethical argument for randomisation 
in randomised control trials [27]. Our setting is notably dif-
ferent in that use of an accurate CPM is assumed to improve 
the expected outcome for a patient, usually due to improved 
prognosis of a disease or allocation of treatments. A hold-
out set would be used in one of two scenarios: either risk 
score informed interventions have been proven to be more 
effective than otherwise, in which case there is not clinical 
equipoise; or risk score informed interventions perform no 
better than interventions without a risk score, in which case 
there is no longer an argument for use of a CPM in the first 
place. If clinical equipoise is assumed, this would only be 
the case on initial deployment of the CPM, until its effective-
ness has been established.

The choice of sampling, including whether or not consent 
is gained, does not necessarily affect these arguments. The 
argument for use of a hold-out set relies on the intent that it 
will maintain an optimal allocation of interventions, rather 
than as a research tool to gain knowledge. This differs from 
randomised control trials, in which the primary purpose is 
to gain knowledge, and the medical community is assumed 
to be in equipoise over the effect of the potential treatment. 
A clinical trial may or may not improve the healthcare sys-
tem over a steady baseline defined by existing treatment, 
whereas the corresponding baseline in the CPM updating 
setting deteriorates due to drift, and we seek to restore the 
baseline (but are not in equipoise over whether updating the 
CPM will do so).

2.4.7 � Challenges to shared decision‑making:

One key principle in modern medical ethics is that of trust 
and shared decision-making between patient and clinician. 
One aspect of this is patient autonomy, covered above [28]. 
However, in order to achieve this ideal of trust and shared-
decision making, it is also necessary that a clinician is truth-
ful with their patient.

When considering the principle of truth telling, it must 
be noted that how much information a doctor divulges to a 
patient may differ across cultures [29]. Furthermore, it must 
be balanced with the principles of beneficence and patient 
autonomy [30]. Nevertheless, the principle of truth telling is 
potentially violated by the use of hold-out sets by design, as 
risk scores are not generated for some patients and therefore 
the score is withheld from the clinical-patient discussion.

Once again, evaluation of this principle is situation 
dependent. It should be noted that using simple random 
sampling in the motivating setting, the physician would still 
be able to make a decision on the information present, or to 
evaluate risk of a future outcome without the use of the risk 
score for the hold-out set patients. Therefore this information 
may not necessarily be vital to the patient’s outcome. How-
ever, a patient who is unaware that they are in the hold-out 
set may reasonably expect to be given a risk score, if they 
were aware of what this means and that it were possible to 
generate one for them.

Cluster randomised hold-out sets violate the principle of 
truth telling in the same way as simple random sampling. 
Whilst one could argue that patients in the hold-out set 
who do not receive risk scores would now be receiving the 
standard care of their cluster, a patient would still reason-
ably expect that if it were possible to generate a risk score 
for them, then they would want a physician to make use of 
this information.

In a voluntary response setting, providing a patient with 
the ability to withdraw consent at any time would ensure 
that a patient could always have access to a risk score upon 
request.

2.5 � Case studies

In this section, some potential situation specific ethical 
issues are discussed through the use of two real-world mod-
els: the Scottish Patients at Risk of Readmission and Admis-
sion (SPARRA) model [31] and the Epic Sepsis Model 
(ESM) [32].

SPARRA: This is a model to predict the 1-year risk of 
emergency admission to hospital based on electronic 
health records in Scotland. SPARRA risk scores are 
calculated monthly, and individual-level scores can be 
accessed by GPs. GPs may choose to act on these scores 
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with high-risk patients to lower their risk of emergency 
admission, such as by choosing to give an enhanced 
follow-up in comparison to lower-risk patients. There 
are no specific interventions that physicians must take 
in response to risk scores, as the nature of each patient’s 
risk is unique. It has been demonstrated that preventative 
interventions influenced by the model have the potential 
to alter future risk scores, resulting in a potential under-
estimation of risk in high risk patients [12, 31].
ESM: The Epic Sepsis Model [32] is a prediction model 
which uses electronic health records to predict the risk of 
sepsis for patients every 15 min. It generates automatic 
alerts to warn clinicians that a patient may be becoming 
septic, at which point appropriate interventions can be 
taken. In the ICU setting, we would expect that interven-
tions may occur in under 15 min, and such interventions 
may be life-saving; hence, a patient for whom the ESM 
score leads to an intervention may be observed to have a 
lower risk of sepsis than predicted by a well-calibrated 
risk score, leading to performative effects in an updated 
risk score.

In the case of the SPARRA model, the outcome being pre-
dicted is not imminently affecting the patient. Emergency 
admission could also be caused by a wide variety of fac-
tors, and interventions that may be applied are highly patient 
dependent. A physician and patient are likely to make deci-
sions about interventions based on a wide variety of fac-
tors, of which the model predicted risk score is only a small 
factor. In this case, withholding risk scores from patients is 
less likely to break the principle of non-maleficence, as any 
harms due to withholding the risk score are likely to be non-
immediate and minimal. Furthermore, the use of hold-out 
sets generally in this setting would provide additional value 
to the full patient population by way of more accurate pre-
intervention risk scores.

For the ESM one may make the argument in favour of 
a hold-out set in this scenario, specifically that the harms 
to patients as a result of inaccurate risk scores would be 
greater in this setting, due to the nature of the outcome 
being predicted. However, we argue that this is not enough 
of a reason to use hold-out sets. In the case of the ESM, 
the outcome being predicted poses an immediate risk to 
patients. Furthermore, it is a model used on patients who 
are already hospitalised, and therefore highly vulnerable. 
Gaining consent to be included in a hold-out set from such 
patients would clearly be unethical, as they are in a compro-
mised state. Furthermore, under (or over) estimation of risk 
presents a much greater risk to patients in the case of ESM 
in comparison to SPARRA. Withholding risk scores from 
some patients for the ESM may increase the risk of misdi-
agnosis, particularly false negatives. This presents severe 
possible harms to patients in the hold-out set, and breaks 

the principle of non-maleficence. This can then be viewed 
as a scenario where the use of hold-out sets, with or without 
consent, would be a gross violation of widely accepted clini-
cal research ethics.

The two models have been chosen specifically due to 
the stark contrast in the nature of the predicted outcomes, 
as well as the risk profiles of patients. This highlights the 
wide variety of different CPMs that exist in the real world. 
Any ethical questions which arise due to the potential use of 
hold-out sets must be contextualised to the model in ques-
tion, and treated uniquely.

2.6 � Hold‑out sets to measure the effectiveness 
of a CPM

So far in this paper we have mainly considered hold-out sets 
as a tool for updating CPMs, and subsequent ethical argu-
ments have followed from that. There is however, the pos-
sibility of using hold-out sets to measure the effectiveness 
of a CPM compared to standard medical care.

Typically, CPMs are validated in-silico, for example using 
discrimination or calibration metrics and cross-validation 
[33]. However, this fails to capture the overall effectiveness 
of a CPM. Indeed, the latter depends on a variety of factors 
that go beyond the accuracy of the predictions. Among oth-
ers, this includes: how well is the CPM integrated into the 
healthcare system (can clinicians or patient easily access the 
scores?), how well is the CPM integrated into the decision-
making process (if a CPM is available to them, do clini-
cians and patients take it into account when deciding the 
best course of action?) and the effectiveness of the possible 
interventions themselves (does the intervention actually 
reduce the risk of an adverse event?).

If a hold-out set is a random sample from the population, 
then generally you may be able to say that any difference in 
downstream case numbers between the hold-out and inter-
vention set is due to the use of the CPM. This allows for 
analysis to be done in a similar way to a randomised control 
trial. For example, one study utilised a randomised stepped 
wedge trial design to assess the effects (both in terms of 
patient outcomes and resource utilisation) associated to the 
introduction of a CPM (to predict the risk of emergency 
hospital admissions) into the Welsh primary care system 
[34]. It should be noted that simple random sampling would 
then offer the most appropriate sampling method for this 
use-case. Likewise, cluster randomised sampling would have 
potential to also offer unbiased results, provided that clus-
ters were chosen appropriately. However, voluntary response 
sampling, as previously discussed, would lead to biased sam-
ples. If the intent is to measure the overall effectiveness of 
a CPM, voluntary response would make this very difficult 
to interpret.
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2.7 � Summary and recommendations

In general we expect that the greater the risk to the patient 
from having no risk score (and hence the more unappealing 
the hold-out set approach appears), the worse the cost from 
having an inaccurate risk score (so the greater the incentive 
for a randomised hold-out set).

The necessity of use of a hold-out set at all is dependent 
on drift and performative effects. The presence of drift is 
largely independent of the severity of the outcome predicted 
by the CPM. Unfortunately, in settings where ignoring a 
CPM has a severe consequence, performative effects are 
necessarily present. Recommendations can not be made at 
a general level, as it depends on the severity of such con-
sequences. However, considerations of the environment in 
which a CPM operates can help inform choice of sampling 
method for a hold-out set, or whether to use a hold-out set at 
all. In particular, the nature of the outcome being predicted 
by the CPM is an important factor. If the outcome being 
predicted is one which will not cause immediate serious 
harm to patients, and the patients themselves are not in a 
compromised position, then a setting specific argument can 
be made for use of a hold-out set without consent. Use of 
cluster randomisation for hold-out sets may offer additional 
ethical safeguards for patients without sacrificing statistical 
validity in terms of bias, provided that appropriate clusters 
are chosen. Specifically, cluster randomisation ensures that 
patients always receive the same care as others in their clus-
ter. However, care must be taken to select clusters which do 
not over-sample certain groups, otherwise issues of justice 
and fairness arise.

Voluntary response hold-out sets, whilst avoiding some of 
the ethical issues discussed in this paper, offer the potential 
to indirectly harm patients on the whole through inaccu-
rate risk scores trained on a biased hold-out set. It may be 
possible to ensure that a voluntary response hold-out set is 
balanced across some protected classes or important char-
acteristics. However, this does not correct for different rates 
of volunteering across unobserved patient characteristics.

Other approaches have been suggested for mitigating 
against the effects of performative prediction in the presence 
of external drift. In particular, causal modelling approaches 
have been suggested [14]. Whilst this may be possible, it 
relies on a more mature data collection system than cur-
rently exists in any area of the health care system, in par-
ticular the recording of all interventions, and the collection 
of all variables which exist in the causal structure. Thus, 
in the absence of this, hold-out sets may be the only viable 
method of updating risk scores in the presence of performa-
tive effects.

Any implementation of hold-out sets will need to take 
into account the views of key stakeholders, clinicians and 
patients themselves. In particular, use of hold-out sets 

without informed consent may risk damaging trust in the 
health system and lead to unintended consequences, there-
fore much more research is needed.

3 � Discussion

Our work principally suggests that the ethical viability of 
hold-out sets is setting dependent. Furthermore, certain 
implementations of hold-out sets may be more appropri-
ate than others. The key advantage of hold-out sets is that 
they offer the possibility to distribute more accurate pre-
intervention risk scores to those in the intervention set. On 
an aggregate level this may be more optimal than distribut-
ing risk scores to all patients, given some objective function 
to be optimised such as lowering the number of patients 
with Y = 1 over the life-span of the CPM. However from an 
ethical perspective, this is may not be enough of a reason 
to use hold-out sets, particularly without informed consent. 
Withholding risk scores must not cause an unacceptable risk 
of harm to patients, and must respect principles of patient 
autonomy and justice. Ultimately, any implementation of 
hold-out sets in a health setting in the absence of informed 
consent must respect patients, putting their health and well-
being first. Cumulative benefits to the group must be bal-
anced against individual considerations at a patient level, 
including risk of harm, lack of autonomy or potential justice 
issues.

It is critical to realise that a choice must be made between 
not updating a CPM, updating a CPM without a hold-out 
set, and updating with a hold-out set. All have drawbacks 
at an individual or population level. Each option violates 
one or more ethical principles, as is typically the case in 
research ethics, and violation of principles thus cannot pre-
clude use of a method: risks must be weighed against each 
other. We do note however that in the absence of recorded 
interventions in response to risk scores and therefore explicit 
causal modelling, hold-out sets may be the only viable way 
of updating in the presence of performative effects.

This paper does not seek to prescribe hold-out sets as a 
catch-all solution to performative prediction in CPMs, nor 
which implementations of sampling are universally ethically 
viable. Rather, it seeks to provide an initial discussion of 
some of the general issues in this field in the absence of 
existing literature. In any possible implementation of hold-
out sets, a sampling framework should be implemented 
which offers the lowest possible degree of bias in the hold-
out set given that ethical issues have been considered. This 
paper further highlights the need for robust study protocols 
and wide involvement from scientists from a range of disci-
plines, health practitioners and patients themselves. Further-
more, this paper does not seek to analyse the potential for 
hold-out sets to be practical within the NHS (or other health 
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systems) infrastructure, although this will be a necessary 
consideration. Without these considerations, hold-out sets as 
a tool have the potential to lead to gross violations of widely 
accepted research ethics principles. Context dependent ethi-
cal discussion is necessary before use of a hold-out set in a 
CPM can be considered.
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