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Abstract

Predictive and prognostic models hold great potential to support clinical decision making in oncology and could ultimately facilitate a paradigm shift to a more
personalised form of treatment. While a large number of models relevant to the field of oncology have been developed, few have been translated into clinical
use and assessment of clinical utility is not currently considered a routine part of model development. In this narrative review of the clinical evaluation of
prediction models in oncology, we propose a high-level process diagram for the life cycle of a clinical model, encompassing model commissioning, clinical
implementation and ongoing quality assurance, which aims to bridge the gap between model development and clinical implementation.
� 2021 The Authors. Published by Elsevier Ltd on behalf of The Royal College of Radiologists. This is an open access article under the CC BY license (http://
creativecommons.org/licenses/by/4.0/).
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Introduction

Oncology ranks among the most complex disciplines of
modern medicine. The inherent heterogeneity of cancer,
patients and the ever-expanding number of treatment op-
tions make the selection of optimal treatment regimens
more challenging than ever. Clinicians have to balance evi-
dence from clinical trials with ongoing research, their own
professional experience, national guidelines and patient’s
values to determine the ‘ideal’ treatment. This complex,
multifactorial decision making process inevitably results in
heterogeneity in practice, particularly in the management of
patients from groups under-represented in traditional clin-
ical trials, such as ethnic minorities [1], the elderly and co-
morbid [2]. Figure 1 describes a case study of such a patient.

New forms of evidence are required to better support
clinical decision making. The wealth of routine data
Author for correspondence: M. Craddock, Radiotherapy Related Research
group, University of Manchester, Dept 58 The Christie NHS Foundation Trust,
Wilmslow Road, Manchester M20 4BX, UK.

E-mail address: matthew.craddock@postgrad.manchester.ac.uk
(M. Craddock).

https://doi.org/10.1016/j.clon.2021.11.022
0936-6555/� 2021 The Authors. Published by Elsevier Ltd on behalf of The Royal
(http://creativecommons.org/licenses/by/4.0/).
generated by every patient treated, allied with it now be-
ing stored in a digital and more accessible format, offers
great potential to provide this new evidence through the
development of prognostic and predictive models. These
models are traditionally developed using established sta-
tistical methods, such as logistic or Cox regression analysis,
with the use of advanced data science techniques,
including machine learning and artificial intelligence now
becoming increasingly common. They can provide per-
sonalised estimates of key clinical outcomes, such as the
probability of local tumour control, overall survival and
treatment-related toxicity. These personalised estimates
offer the potential to improve treatment selection and
with it, increase efficiency, patient satisfaction, quality of
life and potentially even survival.

A clinical prediction model (CPM) may be defined as a
mathematical combination of known clinical, biological
and treatment factors that together can be used to esti-
mate the probability of an individual experiencing a spe-
cific outcome. According to the definitions of Clark et al.
[3], prognostic factors may be defined by associationwith a
clinical outcome in the absence of therapy or with the
application of a standard therapy, whereas predictive
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Fig 1. An exemplar case demonstrating the heterogeneity in clinical practice, where the use of a clinical prediction model may be of particular
benefit.
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factors are associated with the response to a particular
therapy. Predictive factors imply a differential benefit of
therapy that is dependent on the value of the factor. A CPM
may be either prognostic or predictive, with prognostic
models being more common.

A major limitation of prediction models is that they
cannot provide any information regarding interventions or
outcomes beyond those included in the training data.
Informed clinical decision making requires the contextual
knowledge of how a patient may respond to alternative
therapies or no treatment (counterfactual outcomes).
Causal predictive models show promise in being able to
provide this information. Causal modelling goes beyond
statistical association by combining the information con-
tained in the training data with expert knowledge of the
complex causal relationships that govern patient outcomes
to allow the estimation of outcomes under hypothetical
interventions [4,5]. The Predict breast tool is an example of
a CPM enriched by causal reasoning, as it uses population
average outcomes from clinical trials to provide survival
estimates for different treatment combinations [6].

In this narrative reviewwe evaluate the current utilisation
of CPMs in the field of oncology and contrast this with the
wider medical setting. We explore the challenges and op-
portunities presented by their widespread adoption and
emphasise the necessity of assessment of clinical utility and
involvement of end users throughout the model commis-
sioning process. A high-level process diagram for the life
cycle of a CPM is proposed (Figure 2), which describes the
major processes of commissioning and ongoing quality
assurance, with clinical utility considered from the outset.
Current Status of Models in Oncology

Despite the publication of hundreds of clinical models in
the field of oncology, examples of widespread clinical
implementation remain limited. In the wider healthcare



Fig 2. Process diagram for the life cycle of a clinical prediction model, encompassing the commissioning process, clinical implementation and
the ongoing quality assurance cycle. In the model quality assurance cycle, ‘impact assessment’ refers to the processes involved in considering the
clinical significance of model updates on future and historic decision making.
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setting there are several commonly adopted clinical models,
such as Q-RISK, Framingham Risk Score, EuroSCORE and
even an artificial intelligence chatbot for patient triage
[7e10]. The Predict tools for early breast cancer and, more
recently, non-metastatic prostate cancer, are rare examples
of commonly used prognostic models that provide person-
alised estimates of survival for various treatment strategies
[11,12]. These models are available through an open-access
online tool and are intended to be used as a consultation
aid to facilitate shared decision making. Table 1 details some
of the most commonly used prediction models.

Moving beyond simple predictive models, decision sup-
port systems integrate multiple sources of information to
provide direct recommendations of particular therapeutic
options. The IBM Watson for Oncology platform is perhaps
the most complex decision support system yet developed
and is currently in use in more than 100 hospitals across
China, India, Thailand and South Korea [15e18]. This system
utilises natural language processing and machine learning
techniques to process structured and unstructured onco-
logical data (structured referring to data stored in predefined
fields, as opposed to unstructured data, which has no specific
format) from literature, medical records, laboratory reports
and treatment guidelines to provide treatment option rec-
ommendations tailored to local availability and supported by
relevant literature. Reports of the system’s performance are
highly variable and it has received criticism for both a lack of
transparency regarding themechanism of evidence selection
and a bias to adhere to US treatment guidelines [19].

Determining the level of clinical utilisation of the sys-
tems described in Table 1 is problematic as, with the
possible exception of Watson for Oncology, there is a
paucity of literature describing the clinical experience of
centres that have adopted them. Nevertheless, there is
clearly a gulf between the large number of published pre-
diction models and the few actually in clinical use. This may
be largely attributed to the convention of evaluating models
purely on the basis of predictive performance, rather than
establishing their clinical utility [20,21]. As long as clinical
usefulness remains a secondary consideration in the model
development process, it is unlikely that the translation of
published models into clinical practice will improve.
Clinical and Societal Acceptance

The views of both clinicians and patients on the use and
acceptability of CPMs are mixed [22]. Reported advantages
from the clinician perspective include supplementing their
existing clinical knowledge, with the more accurate pre-
diction they provide enhancing decision making confi-
dence and potentially improving patient outcomes
[22e25]. CPMs may also facilitate greater patient engage-
ment in decision making by providing additional infor-
mation to support the discussion of treatment options
[22,23]. However, this must be balanced by the risk posed
by over-reliance on CPMs. If clinicians feel they are bound
to making decisions concordant with model predictions,
regardless of patient preference, the patient’s role in shared
decision making is nullified. Total dependence on models
would therefore represent a retrograde step from patient-
centred practice to a paternalistic ‘model knows best’
approach to medicine [26]. A further challenge in using
CPMs to support shared decision making is the complexity
of communicating the risk of competing outcomes, in
terms of both severity and likelihood, in addition to the
uncertainty in model predictions.

Despite the potential advantages of CPMs, multiple bar-
riers to their routine use and acceptance by clinicians and
patients have been identified [22e24,27]. Clinicians and
patients have reported concerns regarding CPM use
threatening autonomy, in addition to the risk of becoming
dependent on and overconfident in a model [22e24,27].
Many clinicians do not feel they can trust the CPM’s output
or that their own clinical judgement is superior, despite
multiple studies demonstrating the superior predictive
performance of CPMs when compared with clinicians’
predictions [23e25,27,28]. The potential for them to



Table 1
Details of three widely used prediction models and decision support systems in the field of oncology

Model Description Input Output Training cohort Validation cohort Clinical usage

Predict Breast
(V2.2)
[6,11,13]

Cox
proportional
hazards model
of breast
cancer-specific
mortality
following
surgery.
Mortality from
other causes
modelled
separately.

Age
ER status
HER2 status
Ki-67 status
Tumour size
Tumour grade
Detection mode
Number of positive
modes

Personalised
estimates of
survival for
different
treatment options
up to 15 years
post-surgery,
contextualised
with survival rates
excluding deaths
from breast cancer.

(For V1.0) 5694 patients
from Eastern Cancer
Registration & Information
Centre, 1999e2003. Median
follow-up: 5.6 years

(For V1.0) 5000 patients
from WM Cancer
Intelligence Unit, 1999
e2003. Median follow-up:
4.8 years
(V2.0) 45 789 patients from
Scottish Cancer registry,
2001e2015

About 30,000 website visits per
month

Predict Prostate
(V1.1) [12,14]

Cox
proportional
hazards models
for prostate
cancer-specific
and non-
prostate cancer
mortality.
Overall survival
estimates based
on both models
under a
competing risks
framework.

Age
Prostate-specific
antigen
T-stage
Hospital admission
in previous 2 years
BRCA
Histological grade
group/Gleason
score
Biopsy data

Personalised
estimates of
survival for radical
and conservative
treatment options,
contextualised
with survival rates
excluding deaths
from breast cancer.
Non-personalised
information on
side-effect
incidence derived
from clinical trials.

(For V1.0) 7062 patients
treated in East Anglia, 2000
e2010. Median follow-up:
9.8 years

3000 patients from the
training cohort
2546 patients treated in
Singapore, 1990e2015.
Median follow-up: 5.1 years

About 500 website visits per
month

Watson for
Oncology
[15,16]

A complex
multi-
component
system that
integrates
natural
language
processing and
machine
learning
techniques.

Literature, medical
records, imaging,
laboratory and
pathology reports,
treatment
guidelines

Recommendations
of specific
treatment options
tailored to local
availability and
supported by
relevant evidence
from the literature.

Initial system training
performed by Memorial
Sloan Kettering Oncologists

Decision concordance
studies performed for
multiple sites in Denmark,
China, India, Thailand, South
Korea

>100 hospitals across China,
India, Thailand, South Korea
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misapply or misinterpret the CPM has also been described
[22,27]. Clinicians also report concerns regarding a lack of
time to utilise CPMs and a lack of organisational or peer
support [22,24,27]. Strategies to overcome some of these
barriers have been proposed but require further study [27].
Life Cycle of a Clinical Prediction Model

In response to perceived shortcomings in current ap-
proaches to clinical modelling, we propose a high-level
process diagram for the life cycle of a CPM (Figure 2),
encompassing both model commissioning (phases 0e4)
and ongoing quality assurance processes (phase 5). This is
intended to support clinical teams in implementing CPMs in
routine practice.

Phase 0: Identify Unmet Clinical Need

A critical preliminary step in the implementation of a
CPM is to explicitly consider the clinical decisions that the
model is intended to support and the information required
to improve on current decision making. The failure to do
this is unfortunately common and results in the develop-
ment of models that offer no clinical utility as they predict
events of no clinical relevance, or fail to provide predictions
at the time they are needed to inform decision making [29].
To avoid this, it is essential that clinicians lead this phase of
model commissioning.

The process of identifying unmet clinical need involves
firstly identifying shortcomings in current practice for a
particular disease site or subgroup of patients due to, for
example, a paucity of evidence to guide management, poor
outcomes and/or marked heterogeneity in current decision
making. Second, the identified clinical need must be
translated into the definition of key measures by which the
model’s clinical impact may be judged in phase 3.

The final step of phase 0 is to draw on clinical expertise to
identify the relevant predictor variables for the outcome of
interest and to then determine the availability and robust-
ness of these predictors in pre-existing datasets. This pro-
vides an early feasibility check of whether the current
routinely captured patient data are sufficient to support the
application of a CPM in the intended clinical context.

Phase 1: Model Selection

In selecting a model for clinical evaluation, two of the
most important characteristics to consider from a prag-
matic standpoint are the model’s input variables and end
points. The former need to be routinely recorded in a robust
and consistent manner and be available at the time the
model’s prediction is required. Any novel variables that are
not currently routinely recorded require critical evaluation
in terms of their added benefit, ease of acquisition and
robustness. The model’s end points must be appropriate to
support the intended clinical usage scenario; the informa-
tion providedmust be both pertinent to the clinical decision
and build upon current expert knowledge.
A more subjective but no less important consideration in
model selection is that of face validity. A model with face
validity or sensibility may be defined as one that has an
underpinning logic that is consistent with current clinical
knowledge and a range of input variables that may be
considered comprehensive, while excluding any obviously
spurious factors [27]. Consideration of the importance of
face validity must be contextualised with the potential
offered by highly accurate, but uninterpretable ‘black box’
artificial intelligence-based systems. A recent study has
reported that the public value accuracy more than
explainability in healthcare applications [30]. However,
clinicians may place a higher priority on face validity and
consequently achieving clinical acceptance of ‘black box’-
type systems may prove challenging [31].

Following this, the next factors to consider are the clas-
sical measures of model accuracy e calibration and
discrimination [32]. Calibration describes how closely the
predicted probability matches the actual probability,
whereas discrimination assesses the ability of the model to
assign a higher risk to the patients who experience the
outcome. The relative importance of these metrics depends
on the intended application; patients are concerned by their
individual risk, not their relative risk compared with
another patient and so calibration is more important if the
model is used for patient counselling [33]. Critically, model
performance must be considered in tandem with the gen-
eralisability of the model. Models with broad external
validation should offer more consistent performance when
applied to external cohorts (transportability) [33], whereas
narrower validation in a specific target group may offer
insights that are lost in a more generalised model [34].

A far more subtle, but equally important, factor to
consider in model selection is bias [35]. All clinical models
are developed and evaluated on existing datasets and this
presents a risk of well-trained models inadvertently
reflecting, and potentially exacerbating, current biases in
medical decision making and inequalities in healthcare
access [36]. Models developed on national datasets may
perform poorly in minority groups and/or those with poor
healthcare access due to data poverty; for example,
applying the Framingham risk score to non-white pop-
ulations has been found to result in poor performance [37].
Bias may also be inadvertently introduced by design; the
Watson for Oncology system was trained by experts at the
Memorial Sloan Kettering Cancer Center and as a result has
been shown to preferentially reflect their own treatment
guidelines over and above those determined by expert
panels in other countries [19]. Sources of bias are rarely
explicitly considered in published literature and although
all forms of bias may not be easily identifiable, routine
consideration of common sources of bias is warranted and
can be carried out using frameworks such as PROBAST,
which is a tool to assess the risk of bias and applicability of
prediction models [38].

In the unlikely event that no suitable model exists or can
be modified for the intended application, developing a new
model from scratch can be considered. However, this should
be a last resort to avoid exacerbating the proliferation of



M. Craddock et al. / Clinical Oncology 34 (2022) 102e113 107
unused models. Guidance on CPM development can be
found in [21,39,40].

Phase 2: Local Validation/Updating of the Clinical Prediction
Model

Local validation describes the process of assessing model
performance in a sample of the target population it is to be
applied to, as opposed to internal validation, which uses a
sample of the training dataset, or external validation, which
assesses general transportability to other populations. Local
validation is an essential process, as predictive accuracy
may be degraded in external cohorts for several reasons, as
summarised in Table 2. The local population may be poorly
represented by the training dataset due to differences in
demographics, case-mix or environment and the effect of
predictor variables on outcomes may vary between groups
[41]. Changes over time in diagnosis and treatment, as well
as the methods used to record and report the model’s input
variables may also affect model performance, even in the
absence of any actual change in the population [42]. Model
over-fitting, in which the model is inadvertently trained to
reflect random peculiarities of the training dataset, can also
lead to poor generalisability [43].

Where local validation indicates poor performance of the
proposed model in the target population, model updating
strategies should be applied rather than abandoning the
model, along with any useful insights it may provide, and
starting again. Model updating can range from a simple
recalibration-in-the-large (updating the model intercept)
through to re-estimating the entire model; guidance is
available regarding the extent of updating required in
different situations [44]. Model updating is discussed
further in phase 5.

With many prediction models freely available online,
there is a clear risk of clinical usage without any form of
local validation. The degree of risk posed by this is difficult
to assess and dependent upon the intended usage scenario,
but where multiple validation studies on a diverse range of
Table 2
Descriptions of themajor factors that can affect model performance
in external validation studies

Variation type Description

Geographical Changes in patient demographics,
disease incidence, healthcare services,
etc. by area.

Temporal Changes over time in population
characteristics, incidence rates,
diagnosis, treatment, etc.

Methodological Data collected by different methods to
those used in the training dataset, e.g.
computed tomography versus
positron emission tomography
staging

Spectrum Patients from different care settings,
such as within a clinical trial versus
primary care
cohorts have already been carried out, it could reasonably
be argued that the model’s generalisability is well proven
and therefore the risk of poor performance is small. The
PREDICT tools are arguably an example of this, having been
independently and successfully validated on multiple large
multinational datasets [45,46]. However, studies have also
identified that the PREDICT breast tool performs poorly in
the subgroup of younger women, suggesting that such
freely available tools should be used with great caution in
the absence of local validation [47].

Phase 3: Assessment of Clinical Utility

Although the process of developing clinical models and
assessing their predictive performance on retrospective
data is well established, methods of determining clinical
utility are in their infancy [32]. Model performance, in
terms of calibration and discrimination, does not account
for the clinical consequences of model predictions and as
such cannot be linked to outcomes. A clear demonstration
of this is that in some cases models with inferior perfor-
mance metrics can actually offer superior clinical utility. As
described by Cook [48], a model with perfect discrimination
that predicts a clinically negligible difference in patients
classified as high/low risk will not affect the decision
making process, whereas a model with inferior discrimi-
nation but a clinically significant difference in predicted risk
would be of greater clinical use.

An additional step is needed to determine clinical utility.
A common suggestion to address this issue is to perform a
randomised trial comparing standard clinical decision
making with model informed decision making [20]. This
approach has been successfully demonstrated by the STarT
Back trial introducing stratified care for back pain driven by
a prognostic screening tool [49]. The value offered by such
trials lies in establishing the clinical effectiveness, cost-
effectiveness and the procedures required for imple-
mentation of a CPM. However, randomised trials are not the
most practical method for the evaluation of CPMs due to
their high cost, complexity and long timespan. Further-
more, regular reassessment of clinical utility following
model updates is required after the introduction of CPMs in
routine practice. As such, although clinical trials will prob-
ably play a critical role in driving the early adoption of
prediction models, much as they did with the imple-
mentation of intensity-modulated radiotherapy, alternative
approaches are required to support the timely adoption of
new and updated models [50].

Decision Concordance
A manifestation of the lack of established methods for

assessing the clinical utility of CPMs is the inappropriate use
of concordance (the percentage of model decisions that
agree with current clinical decision making) as a surrogate
for overall model accuracy and even utility. As reviewed by
Tupasela and Di [19], the use of concordance in this way is
both illogical and peculiar; the implication that higher
concordance reflects a better system is inherently flawed, as
a 100% concordant system would simply mirror current
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clinical decisionmaking and thereforewould offer no utility
beyond automation. Furthermore, percentage concordance
is very much of secondary importance to where the conflict
with current clinical decision making occurs and whether
this may be expected within the context of the clinical need
defined in phase 0. For example, discordant model pre-
dictions in typical patients, for whom there is a clear choice
of optimal treatment well supported by evidence and
guidelines, may represent poor model performance,
whereas in more complex patients, for whom there is
debate over optimal treatment, discordant predictions
could actually be a result of the model improving on current
decision making. As such, if two systems have similar
concordance percentages, this may not translate to them
performing similarly in clinical use. In spite of this,
concordance percentages have been quoted in advertising
material for commercial decision support systems [19].

Decision Curve Analysis
Decision curve analysis (DCA) is a method of evaluating

the value of the information provided by a predictionmodel
for informing a clinical decision that does not require any
additional data beyond those used for model development
[51]. The central concept of DCA is that the threshold
probability of disease or event at which a clinician or patient
will opt for treatment is informative of how the individual
views the relative risk of under-versus over-treatment.
Values of this threshold probability will be determined by
the likelihood of the event occurring, the harm and benefit
associated with the intervention (or lack of intervention)
Fig 3. An example decision curve comparing the net benefit of model-
strategies. The model is shown to offer value (higher net benefit) across th
for all strategy marginally outperforms the model at very low thresho
presence of disease. Figure adapted from [52].
both in the presence and absence of the event, as well as the
individual’s personal preferences.

As depicted in Figure 3, decision curves plot net benefit as
a function of threshold probability. Here, net benefit is
defined as the difference between the number of true posi-
tives (instances where the model prediction is above the
threshold and the patient experiences an event) and false
positives, weighted by the associated ‘harm’ that is derived
from the threshold probability. This provides a visual means
of identifying the range of threshold probabilities across
which the model offers a net benefit when compared with
current decision making processes, a treat all/none strategy
or alternative models. Although specific values of the highly
subjective threshold do not need to be determined, the
clinically relevant range of threshold values should be
identified to aid meaningful interpretation of the decision
curve. For a thorough introduction to the interpretation of
decision curves, the reader is referred to Vickers et al. [52].

DCA provides a valuable step beyond model assessment
and selection based purely on abstract statistical measures
unrelated to the clinical consequences of using the model to
make a decision. The application of DCA in cancer research is
gradually increasing, with published examples spanning the
areas of screening, treatment stratification and comparative
assessment of the utility of competing models [53e55].
However, it should be noted that the net benefit values
derived by DCA are not an invariant property of themodel, as
they depend on the case distribution and population char-
acteristics of the training dataset [56]. As such, the same
questions regarding the generalisability of amodel also apply
based decisions with a diagnostic test and intervention for all/none
reshold probabilities of between about 3% and 20%. The intervention

ld probabilities, representing individuals most concerned about the
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to the conclusions of DCA. Additionally, it is not clear how
DCA can be applied to continuous outcome measures.

Phase 4: Clinical Implementation

As depicted by the gateway in Figure 2, based on an
appropriate assessment of clinical utility a decision must be
made on whether to proceed with the clinical imple-
mentation of the model. The focus of phase 4 is to integrate
the model into routine clinical practice. This includes
satisfying any regulatory requirements for clinical use,
ensuring it is easily accessible and appropriately presented
to the end user, providing training on model use and
interpretation, as well as addressing barriers that may
hamper its clinical acceptance and routine use.

Regulation
The prediction and prognosis of disease are included

within the definition of a medical device and as such CPMs
are subject to the Medical Device Regulations in Europe and
the Food, Drug and Cosmetic Act in the USA [57,58]. In
Europe, CPMs are required to be CE marked before they can
be used clinically, with QRISK and the Predict tools being
examples of models that have received this certification.
Multiple national and international organisations are
currently undertaking reviews of how to best approach the
regulation of predictive models and mitigate the unique
risks and hazards that they pose as non-static medical de-
vices [59e63]. Key themes identified by these reviews
include the need for more flexible regulation processes
tailored to the risk and potential benefit of a system and the
importance of ongoing post-market validation to assess
performance throughout the life cycle. Critically, new reg-
ulatory frameworks must be supported by detailed guid-
ance and dissemination programmes in order to address the
current lack of knowledge, which results in potentially
valuable models failing to make the leap from demonstra-
tion of utility to clinical implementation.

Presenting Model Output
For the successful integration of predictive models into

clinical practice it is essential that the model’s predictions
are presented in a complete and user-centric manner [64].
To determine the requirements for this, the intended user
groups should be surveyed and included in usability testing,
following the approach adopted by Farmer et al. [65] in the
redesign of the PREDICT breast tool interface. A major
recommendation from this workwas the need for flexibility
in both user interaction with the model and the display of
results, with multiple presentation formats desirable.

A complete presentation of CPM output should include a
minimum of the following:

(i) Definition of inputs and the values used in the
calculation

(ii) Model prediction and exemplar interpretation/
context

(iii) Explicit statement of the uncertainty associated
with the prediction
(iv) Details of the evidence base for the model
(v) Details of the datasets used for model training and

validation
(vi) Dates of model commissioning and version history

Items (i)e(iii) should always be immediately visible to
the end user.

The completeness of model output presentation must be
balanced with usability; the user should not be over-
whelmed by the volume of information provided. As such,
items (iv)e(vi), which do not vary with each calculation,
could be presented separately while remaining readily
accessible, to provide a less cluttered user interface.

Item (iii) refers to the multiple sources of uncertainty
that influence an individual’s prediction; namely missing
information, bias, noise, input variable measurement un-
certainty and model fit uncertainties. Ideally, every pre-
diction should be presentedwith an individualised estimate
of the associated uncertainty to allow the end user to
consider the weight they should give to the CPM’s output.
The accuracy of an individual’s prediction will exhibit a
complex dependence on the distance between their char-
acteristics and those of the population modelled in the
training dataset. Quantifying this dependence is chal-
lenging and although methods have been proposed, they
are infrequently applied [66,67].

As depicted in Figure 4, in contemporary (but incorrect)
usage a nomogram is defined as a simplified graphical
representation of the mathematical formulae that consti-
tute a model. They are a very commonly used tool for pre-
senting a prediction model in a brief, visual and accessible
format that also allows for simple manual calculation of
model predictions. Although nomograms offer some utility
as a medium for communicating a model, they fail to pro-
vide a complete presentation of model output and in the
modern era there is limited justification for manual calcu-
lation. As such, clinical usage of nomograms is considered
undesirable [68].
Phase 5: Ongoing Quality Assurance

Clinical practice, cancer incidence rates, treatment out-
comes and patient demographics change over time and,
accordingly, the performance of a clinical model should not
be considered time invariant and nor should its clinical
utility [42]. As such, the ongoing quality assurance of a
model requires regular revalidation on more recently
collected data (temporal validation) and subsequent
updating, if required. There are multiple possible ap-
proaches to model updating:

- Regular: Training data replaced with most recent
data

- Supplementary: Training data supplemented with
most recent data

- Conditional: Training data supplemented subject to
model performance criteria [70]



Fig 4. Exemplar nomogram for prediction of 24-month overall survival from stage III non-small cell lung cancer. Figure reproduced from Oberije
et al. [69].
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- Dynamic: Model continuously updates in real-time,
with decreased weighting given to historic data [71]

Which of these approaches is optimal will depend upon
the degree and type of change between the original and new
datasets, the amount of new data available and the practi-
calities of applying the method in a busy clinical environ-
ment. Methods of determining the most appropriate
updating method have been developed [44]. More complex
approaches that preferentially weight new data should be
applied with caution paid to the risk of over-fitting [72].
Conclusion

Predictive and prognostic models hold great potential to
support clinical decision making in oncology and could ul-
timately facilitate a paradigm shift to a more personalised
form of treatment. A major advantage of these models is
that they can be developed using real-world data generated
by patients treated in routine clinical practice, thereby
providing a new form of evidence that is more inclusive of
the patient groups commonly under-represented in tradi-
tional clinical trials.

Despite the publication of a large number of potentially
useful models, examples of clinical implementation in
oncology remain scarce. This is partly due to the challenge
posed by the complexity of decision making in oncology,
but the common failure to consider clinical utility both
before and after model development is also a major factor.
This in itself is symptomatic of a general under appreciation
of the importance of the central involvement of end users,
in this case oncologists and patients, throughout the model
development and implementation process.

To help bridge the gap between model development
and clinical implementation, we have proposed a process
for the management of CPMs throughout their life cycle,
encompassing model commissioning, clinical imple-
mentation and ongoing quality assurance, with the central
involvement of end users embedded as a key principle. We
hope this will provide a useful framework to support
future efforts in translating predictive and prognostic
models into clinical use.
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