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Predicting With Uncertainty

Predictive Models

Personal Uncertainty Quantification 

Uncertainty In Statistical Models

Uncertainty By Full Conformal Prediction

Uncertainty By Split Conformal Prediction
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What Is A Predictive Model?

INPUTS Computational Box OUTPUTS

Training Data

● Patient 
characteristics

● Medical history
● Diagnostic Images
● Omics

● Diagnosis
● Probability of 

response
● Risk score

Historic or Current 
Information

Future Events,
Unknown or 
Unmeasurable Information 
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What Is A Predictive Model?

INPUTS Computational Box OUTPUTS

Training Data
Historic or Current 
Information

Future Events,
Unknown or 
Unmeasurable Information 

This computational box - the predictive model - 
could take many mathematical forms :

● Statistical modelling
● Machine learning
● Deep learners (AI) 



5

Drivers For Development Of Predictive Models In HealthCare

New Measurement 
Techniques

Increasing Availability 
Of Data At Scale

Increased 
Computation
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Examples Of Predictive Models In Clinical Use (1)
Framingham Cardiovascular 

Risk Score

1998 2004
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Examples Of Predictive Models In Clinical Use (2)

PFS in GOYA Test  (F1-score)

2024



Personal
Uncertainty
Quantification
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Personal Uncertainty Quantification With Risk Scores

9
Low Risk Medium Risk High Risk Leading To Different 

Treatment Regimens



Personal Uncertainty Quantification With Risk Scores

10
Low Risk Medium Risk High Risk Leading To Different 

Treatment Regimens
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Uncertainty Quantification : An Expectation From Regulators
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Some Simple Simulated Data

● n=100 

● X ~ N(0,1)
● Y = X + N(0,1)

-> Correlation of 0.7



13

Linear Regression
Starting With A Well Understood Model

● Two types of interval
● Confidence interval 

width varies
● Prediction Interval 

approximately 
constant width

● Prediction error 
dominates parameter 
uncertainty
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Quadratic Regression With Same Data (Simulated data is linear)
Starting With A Well Understood Model

● Similar intervals in 
centre of data

● Much wider intervals 
when extrapolating

● When extrapolating, 
model uncertainty 
dominates  
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Some Maths
Starting With A Well Understood Model

● Prediction error is a combination of two sources
● If one is much larger, it will dominate

The modelling error is a multiple of 
the observation error, depending 
upon the design, sample size and new 
data point

In our situation this only 
becomes important when 

i.e. extrapolationOnly for Quadratic 
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Linear Regression

Training 
Data

Predictions 
with 

Uncertainty

● Several Assumptions
● Pre-Specification
● Theory



17

With Many Modern ML/AI Methods, No Such Theory Exists

Lasso

Random 
Forest

Neural
Net

Elastic
Net

SVMGBM

Deep 
Learner

XGBoost

kNN
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Full Conformal Prediction

1998

2012
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Full Conformal Prediction

Training
(& Validation) 

Data

Predictions 
with 

Uncertainty
Assumption : Exchangeability

and

have the same joint distribution

or any other permutation
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Quadratic Regression
Full Conformal Prediction

● For a new data point 
to be predicted (here 
at x=3)

● Consider a range of 
potential values that 
could be observed

● For each potential 
value, assume it was 
observed and refit 
the model

● Collect the residuals
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Quadratic Regression
Full Conformal Prediction

Compare the residual 
at the new point with 
the distribution of 
residuals

Prediction Interval = 
Those assumed 
observations where 
the residual lies within 
the distribution
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Comparing Statistical And Conformal Intervals

For linear regression 
Conformal Intervals 
practically identical to 
statistical intervals

For quadratic regression 
agreement within region of 
data

Conformal gives larger 
intervals when extrapolating - 
where parameter uncertainty 
starts to dominate

Statistical , Full Conformal,              



23

Some Comments
Full Conformal Prediction

● Agnostic To :
○ Model
○ Distributions
○ Heterogeneity

● Generalisable - here using residuals, but can use any similarity score

● Computationally heavy, so reliant on either :
○ The model being computationally light to repeatedly fit
○ Some clever maths being available as a short-cut
○ Being able to make some useful approximations
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Split Conformal Prediction

Training
(& Validation) 

Data

Predictions 
with 

Uncertainty
Exchangeability

Agnostic To :
● Model
● Distributions
● Heterogeneity

Generalisable

Calibration 
Data

Exists as a separate step after modelling
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Quadratic Regression
Split Conformal Prediction

Prediction from the smaller 
training set, shown against a much 
larger calibration set

Take appropriate quantiles of the 
residuals in the calibration set
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Quadratic Regression
Split Conformal Prediction

● In this scenario we stratified by x value
● Could stratify by region, gender, race, missingness patterns etc.
● Could stratify either by expected heterogenity and/or expected variation in model fit
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Quadratic Regression
Split Conformal Prediction

Statistical , 
Full Conformal ,
Split Conformal 
Stratified Split 
Conformal

More sophisticated 
applications available 
to allow for 
heterogeneity in data
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Modelling Sources Of Error

Statistical Model two sources of error independently and combine

Full Conformal
Two sources of error contribute to the prediction 
uncertainty - typical residual size and how ‘flexible’ the 
model is at that point

Split Conformal

Assumes an “average” error combining both sources 
and uses stratification to allow for differences
-> marginal coverage

Fine when residual error dominates, less so when the 
model itself is uncertain
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Concluding Comments

● Whilst forming the basis for statistics, uncertainty in general is a new 
concept for much of the Computer Science ML/AI World

● Here was a simple example to make a link to statistical modelling. 
In most high dimensional ML/AI methodologies, no rigorous uncertainty 
methodology exists

● Split conformal intervals provide a marginal coverage 
○ Would ideally like the coverage to be as close to conditional as possible

■ Steps such as stratifying take us in that direction

● Uncertainty with Generative AI/Large Language Models much harder to 
define problem - but work starting as way of addressing hallucinations
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Doing now what patients need next


