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What are Clinical Prediction Models 
(CPMs)?

Screenshot from: https://qrisk.org/three/



Types of CPMs 

▪ Diagnostic
Predicts current presence of a disease or condition of interest, based on 
observed characteristics

▪ Prognostic
Predicts the likelihood of a future clinical event, disease recurrence or 
progression, based on observed characteristics



Case-mix 
adjustment 

for audit

CPM 
Uses



Vast numbers of 
CPM developed 
across medical 

domains

Very few make it 
into clinical practice



When Two (outcomes) are 
Better than One

Generally, different CPMs are developed in isolation, where each 
model considers only a single outcome

This is not (usually) how healthcare operates…



When Two (outcomes) are 
Better than One

in vitro fertilisation (IVF): primary endpoint is birth, outcomes across 
each stage of treatment contain additional information and it would 
be useful to therefore predict stage-specific responses.



When Two (outcomes) are 
Better than One

EuroScore predicts 30-day mortality after cardiac surgery

Used to aid decision-making and risk stratification

But, clinical teams consider mortality, morbidity, and quality of life in their 
decision‐making for performing cardiovascular surgery



When Two (outcomes) are Better than One
….Multi-Morbidity



Example



Multi-outcome risk prediction: current approaches

CPM development is often outcome-specific

Obtain/ collect 
predictor and outcome 

data for outcomes A 
and B

Develop & validate 
CPM for predicting A

Generate risks of A

Develop & validate 
CPM for predicting B

Generate risks of B

Can give accurate marginal risk estimates (i.e. risk of one outcome, irrespective of the 
other)

For joint risk, we know (statistically) that this is only valid if the outcomes are 
independent:

𝑃 𝐴 ∩ 𝐵 = 𝑃 𝐴 × 𝑃(𝐵)
If 𝐴 and 𝐵 are independent events.



Statistically, multivariate (multi-
outcome) modelling is not new…



Aim: to compare predictive performance of both marginal and joint 
probabilities of multiple binary outcomes under different modelling 

methods



Prediction Approaches under Conditional Independence
◦ Univariate CPMs

Prediction Approaches Accounting for Conditional Dependence
◦ Probabilistic Classifier Chains

◦ Multinomial Logistic Regression

◦ Multivariate Logistic Regression 

◦ Multivariate Bayesian Probit CPM 



Multinomial Logistic Regression

Suppose we have two binary outcomes, 𝑌𝑖1 and 𝑌𝑖2

Can use multinomial logistic regression, where the combinations of these 
are each treated as a nominal outcome category

log
𝑃 𝑌𝑖1 = 1, 𝑌𝑖2 = 1

𝑃 𝑌𝑖1 = 0, 𝑌𝑖2 = 0
= 𝑋𝛽1

log
𝑃 𝑌𝑖1 = 1, 𝑌𝑖2 = 0

𝑃 𝑌𝑖1 = 0, 𝑌𝑖2 = 0
= 𝑋𝛽2

log
𝑃 𝑌𝑖1 = 0, 𝑌𝑖2 = 1

𝑃 𝑌𝑖1 = 0, 𝑌𝑖2 = 0
= 𝑋𝛽3

From which we can get estimates of 𝑃 𝑌𝑖1 = 1, 𝑌𝑖2 = 1 , etc. for new 
individuals



Methods
Simulation Study

◦ Generate two (potentially correlated) binary outcomes using a set of (simulated) 
covariates (normally distributed)

◦ Varied level of residual correlation between outcomes (𝜌)

◦ Compare predictive performance (calibration and discrimination) of:
◦ Marginal risks: 𝑃(𝑌1 = 1) and 𝑃(𝑌2 = 1)

◦ Join risks: 𝑃(𝑌1 = 1, 𝑌2 = 1), 𝑃(𝑌1 = 1, 𝑌2 = 0) and 𝑃(𝑌1 = 0, 𝑌2 = 1)

Real-world data
◦ Data were obtained from the Medical Information Mart for Intensive Care III 

(MIMIC-III)

◦ N=24,459 for our study

◦ Considered the prediction of acute kidney injury (AKI) occurring within 48 hours 
after admission, and a binary indication of a total length of stay (LOS) over 5 days



Methods: Predictive 
Performance 

Calibration refers to agreement between the observed and expected 
outcome proportions

◦ Assessed using the multinomial calibration framework (Van Hoorde et al. 
2014), 

◦ Gives estimates of calibration-in-the-large and calibration slope 

Discrimination refers to the ability of a CPM to separate patients who 
will develop an outcome from those who will not

◦ PDI (extension of area under a receiver operator characteristic, AUC for 
multiple-outcomes) 



Simulation Results: calibration



Simulation Results: discrimination



Empirical Study 
Results

Again, methods that 
account for 
dependence in the 
outcomes were well 
calibrated for all 
outcomes, particularly 
MLR and PCC

The models that do 
not account for 
outcome dependency 
significantly under-
predicted the joint 
outcome risk.



Clinical Prediction Models to Predict the Risk of 
Multiple Binary Outcomes

To summarise the results from this paper:
◦ Four methods for developing CPMs that respect the dependence between 

multiple binary outcomes. 

◦ Only the methods that condition on each outcome or model the correlation 
explicitly provide reliable estimates of joint risks

Unsurprising from a statistical perspective, but not commonly utilised in 
prediction field



So, what next?



Challenges to Multi-
Outcome Risk Prediction

Combinatorial complexity of many 
outcomes 

What about different outcome types?

Sample size and penalisation – minimise 
overfitting 

Validation of multivariate risk models

Risk communication



Toward Holistic Approaches to Clinical Prediction 
of Multi-Morbidity

Recently funded 3-year MRC project will explore methodological 
issues in multi-outcome risk prediction

Collaboration between Manchester, Keele and Liverpool 
universities

Feel free to get in touch if you are interested in collaborating. 



Take-home Messages
1. Multiple outcomes should be considered more widely in 

prediction models, whenever joint risk is a required output 
(e.g. multi-morbidity)

2. Various methods to build prediction models for multiple 
outcomes

3. Further research is needed for a range of methodological 
considerations before wider use in a prediction context
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