
EDITORIALEDITORIALEDITORIAL

How to cite this article:

Clift AK. How Outcome Prediction

Could Aid Clinical Practice. Br J Hosp

Med. 2025.

https://doi.org/10.12968/hmed.2024.0781

Copyright: © 2025 The Author(s).

How Outcome Prediction Could Aid Clinical Practice
Ashley Kieran Clift1,*

1Department of Surgery & Cancer, Imperial College London, London, UK
*Correspondence: akc13@imperial.ac.uk (Ashley Kieran Clift)

Abstract
Predictive algorithms have myriad potential clinical decision-making implications from prognostic
counselling to improving clinical trial efficiency. Large observational (or “real world”) cohorts are
a common data source for the development and evaluation of such tools. There is significant optimism
regarding the benefits and use cases for risk-based care, but there is a notable disparity between the
volume of clinical prediction models published and implementation into healthcare systems that drive
and realise patient benefit. Considering the perspective of a clinician or clinical researcher that may
encounter clinical predictive algorithms in the near future as a user or developer, this editorial: (1) dis-
cusses the ways in which prediction models built using observational data could inform better clinical
decisions; (2) summarises the main steps in producing a model with special focus on key appraisal fac-
tors; and (3) highlights recent work driving evolution in the ways that we should conceptualise, build
and evaluate these tools.
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Introduction
Increasing enthusiasm in personalised care renders it incredibly likely that

in the coming decade, clinicians will be asked to use a clinical prediction model
(CPM), or work in systems where one is implemented.

Risk distributions within patient cohorts are not uniform. Therefore, the ability
to reliably predict clinical outcomes could have significant implications (Efthimiou
et al, 2024). CPMs leverage accumulated data and cumulative experience to per-
sonalise or stratify care based on an individual’s characteristics. Uses of CPMs
span patient counselling (e.g., mortality or recurrence risk over time), treatment
selection (e.g., use of treatment “X” vs. “Y” in lower risk patients), clinical trial
recruitment (e.g., identifying higher-risk individuals to adequately power trials), or
improving trial efficiency (e.g., adjusting a trial for a prognostic score reduces nec-
essary sample size). They are commonly developed using observational data from
large registries or routinely collected electronic healthcare records (EHRs).

For model-informed care, CPMs must be implementable. Factors influencing
this include: data quality (must reflect clinical reality), the target clinical decision
to be influenced, and model trustworthiness to users and beneficiaries (Collins et
al, 2024). Moreover, methodologies used to develop and validate models must
be robust (Collins et al, 2024). Numerous systematic reviews have highlighted the
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stark disparity between the number of possible CPMs developed in the literature and
the number that are either used, or are even recommendable for use. For example,
a recent review by Hueting and colleagues (2022) found that of over 900 models
developed to predict outcomes in breast cancer, virtually all were at high risk of
bias.

The Main Steps in Model Development and
Evaluation

Simply put, a model: takes inputs (predictors), processes these in a risk “en-
gine” (e.g., statistical model, artificial intelligence (AI) algorithm), and then pro-
duces an output for decision-making. The development and validation of CPMs
encompass many facets. Efthimiou et al (2024) provide an excellent recent primer
elsewhere that is strongly recommended. Here, we focus on three aspects for clin-
icians to consider when appraising a model they wish to use or are being asked to
integrate within their practice.

Three Key Areas for Clinicians and Clinical
Researchers to Consider
Data Quality

The mantra of “garbage in, garbage out” applies to CPM development. Rou-
tinely collected observational healthcare datasets offer advantages in terms of scale,
coverage, and predictor-outcome relationships, especially when data linkage is em-
ployed (Riley et al, 2016). However, there may be data missingness, measurement
error, potential misclassification, and the biases around clinical collection and cod-
ing.

Commonly used data points like body mass index or ethnicity may not be fully
recorded. Missingness can be handled with different approaches, but the underly-
ing mechanism influences strategy validity. Beyond development, consider how
missingness is handled during model use. Will the model run automatically in the
“backend” of an EHR system? Will it use predicted variable values? How are these
predictions calculated? If predictor values are based on clinical codes, e.g., System-
atized Nomenclature of Medicine (SNOMED) codes versus free text, what factors
influence coding? Individual clinicians may have differing proclivities to code the
same phenomenon with the same codes, or to formally code at all.

How do We Know that a Model “Works”?
This boils down to the model evaluation strategy and metrics. The commonest

strategy of randomly splitting a dataset into two parts (one each for development
and testing) reduces the amount of data available to fit the best model possible,
leaving an even smaller set to understand in whom the model works (or not). Other
approaches can be more informative (Collins et al, 2024; Steyerberg and Harrell,
2016).
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Validation is not simply testing whether amodel works on one “unseen” dataset
drawn from the same population. Rather, it seeks to estimate how well a model
might work when applied to future patients which will be different in time, may be
different in location, and there may be temporal trends in predictor distributions and
baseline risks. When evaluating a model, consider whether heterogeneity in perfor-
mance has been assessed (e.g., within clinically relevant sub-groups) and whether
the model demonstrates stability.

Many papers report a discrimination metric, e.g., a C-statistic. This evaluates
how well a model distinguishes between individuals that had the event or not. This
is important, however, models should also be well “calibrated”, which pertains to
the alignment of predicted risks and observed risks. If a model predicts a 10% risk,
will 10% of all with that score experience the event? Is alignment demonstrated
across the predicted risks spectrum? Miscalibration could lead to inappropriate
decisions by under- or over-estimating risk.

Decision curve analysis is a valuable technique that visually compares the net
benefits of different strategies (Chalkou et al, 2023). This can help understand
whether or not a model will help make better clinical decisions than “treat everyone
the same”, and can also be used to compare different models beyond a set of metrics
that consider individual aspects of performance.

Trustworthiness
Historic inequities within healthcare access and outcomes seep into real world

data and can percolate into CPMs, risking perpetuating bias in future model-based
care decisions.

Transparency describes understanding how the calculation was made from the
inputs. Explainability describes being able to counsel an individual “why” those
inputs lead to the output. This can be complex as it could reflect healthcare system
bias, data quality, the effect of adjustment or inclusion of other variables, or com-
plex associations between variables and the outcome. An adjusted coefficient term
in a model or a shapley additive explanations (SHAP) value cannot be interpreted
as the causal effect except in very specific circumstances (Keogh and Van Geloven,
2024).

Trust is more complex and influenced by transparency and explainability. Con-
sider the following scenario: one patient has been assigned a lower risk score than
another. They are identical in all their predictors other than ethnicity, and the risk
score informs treatment decisions (Clift et al, 2023). You could be transparent in
showing the equations’ workings, but could you explain why their ethnicity dictates
their risk and renders them less eligible (Obermeyer et al, 2019)? In some scenar-
ios, ethnicity can recognise increased risk and improve equity (Vyas et al, 2020),
but others exist where including ethnicity to apportion risk is deemed unacceptable
(Citizens’ Jury on QCovid, 2022).
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Reconsidering How We Model
Validation is not a Rubber Stamp

A single validation study, no matter how robust, won’t hold true indefinitely.
Models’ target populations change over time. Predictor distributions can drift,
predictor-outcome associations evolve, measurement approaches change, and new
treatments or diagnostics may be introduced. It is unlikely that the performance
from the model’s original or follow-up validation will hold steadfast in all settings
in the future. Exemplified in the coronavirus disease 2019 (COVID-19) pandemic,
baseline risks may evolve rapidly and clinical scenarios can shift (e.g., vaccination
and novel variants). Van Calster and colleagues (2023) recently boldly stated that
“there is no such thing as a prediction model”, and there is a push towards hav-
ing dynamic model systems, where deployed models are monitored and updated as
needed. This could include regular re-training. The concept of “machine learning
operations (MLOps)” is well established in industry data science, and we should
expect healthcare systems to follow suit.

Treatment Drop-in and Causal Prediction
Models predicting long-term outcomes to inform treatment selection typically

assume that their outputs correspond to risks in the absence of treatment. However,
“treatment drop-in” occurs—people in the training data receive treatment after the
prediction is made, but before they have the outcome (Sperrin et al, 2021). This
affects prediction validity and interpretation. At baseline, one cannot use future
information including treatments that are used later. Further, some models that in-
clude terms for medications associated with risk might be used to “simulate” the
effect of changing medication status by observing the change in risk score, but this
does not represent the true causal effect. Fascinating recent work has focussed on
developing methods to integrate causal inference into predictive modelling, thereby
understanding the ways we can build and test models that provide reliable predic-
tions under different intervention scenarios—see (Keogh and Van Geloven, 2024;
Lin et al, 2024; Sperrin et al, 2021) for excellent summaries.

Risks of Harmful Self-Fulfilling Prophecies
Even well-performing models can be harmful and, in some cases, can cause

“self-fulfilling prophecies”, particularly where disease aggressiveness correlates
with lower intensity of treatment or there is a desire not to “over-treat” (van Amster-
dam et al, 2024). Assume a model is developed and used for treatment decisions,
which in turn changes outcomes. If a sub-population in the training data experi-
enced poorer care, the “accurate” CPM could output higher risk predictions for this
group compared to the “average” individual. The self-fulfilling prophecy here is
that population group “A” has historically poor outcomes, the model used to appor-
tion care predicts a worse outcome based on biased historical data, causing reduced
treatment access. Model discrimination and calibration don’t capture the benefits
and harms of treatment changes (van Amsterdam et al, 2024). One should expect
new methodological guidance from this burgeoning field in the near future.
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Conclusion
Large, observational datasets offer manifold opportunities to develop predic-

tive tools but come with risks. Clinicians are increasingly likely to encounter CPMs
in their day-to-day practice. Trust in these models is crucial for users and beneficia-
ries and will drive or hinder implementation. The science of building and testing
CPMs is evolving in real time.

Key Points
• There is a glut of CPMs in the literature and increasing interest regarding

predictive analytics, which is compounded by excitement (or “hype”) and
funding into the field.

• Major obstacles to actionability and implementation of these tools include
rife poor methodology, the poor articulation of the exact clinical decisions
models seek to inform, and concerns around bias.

• These issues feature strongly in the zeitgeist of increasing attention on
artificial intelligence in healthcare, but aren’t exclusive to flexiblemodern
methods.

• Complexity is emerging from new thinking around how to accurately
model risks under different interventions and combining causal principles
with traditional modelling—this should be embraced positively to drive
innovation in this field.

• Care providers and receivers (target model users) should be empowered
to understand, appraise and critique prediction systems that are developed
to aid them.
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