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NTCP model selection strategy

The risk scores to be communicated to the breast cancer patients will derive from
the NTCP models. These may be:

1) Selected from the literature and tested in the TETRIS cohort, or

2) Developed in-house using a meta-analytic approach
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Selection of models from the literature

1) Comprehensive review
2) Qualitative assessment

3) Comparative analysis on the TETRIS cohort
« Same performance metrics
« Unified performance metrics

4) Assessment of the effect of clinical predictors
across models

5) Model testing and comparison on individual
patients
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By = intercept
B., = coefficients (log of odds ratios)
X1, = predictors
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Comprehensive review & Qualitative assessment

For each clinical endpoint a ranked list of models will be produced.

The endpoints regard organs at risk of developing adverse effects from
the treatement with radiation, such as:

- Lung fibrosis
- Coronary artery disease

- Second primary cancers

So far 23 studies and even more NTCP models have been identified
and a qualitative assessment is being performed, based on factors
such as cohort sizes, type of model used, incidences, predictors, etc.
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Comparative analysis of models
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How do we quantify
model performance?
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How often does the model assign
a block to the correct outcome?
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Discrimination metrics: rank-based

AUC-ROC (C-statistic)

* The standard metric for goodness of fit for binary
outcomes (->classification) in a logistic regression
model

TPR
 Interpreted as the probability that a randomly selected

patient having the adverse event had a higher risk
score than a patient who had not experienced the
event

 Threshold independent, as the curve represents all FPR B
the possible NTCP thresholds

* Problematic in the case of rare events
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Discrimination metrics: threshold-dependent

TPR + TNR

Balanced accuracy >

« Better than accuracy for rare events
« But it doesn’t penalize PPV and NPV symmetrically

Matthews correlation coefficient

It considers all the positive and negative metrics of the confusion matrix, by
rewarding TPR, TNR, PPV, NPV, while penalizing FNR, FPR, FOR, FDR

« Best for rare events -
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Calibration
Agreement between NTCP and observed toxicity rates

NB: In a clinical setting, calibration is preferred over
discrimination, due to the
- communication of an absolute risk to the patient
VS
- ranking the patient’s risk relatively to another
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Calibration metrics: global calibration

« Calibration Intercept
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Calibration metrics: global calibration

Binary cross entropy, or Log-loss

1
BCE = — %l [yilog(py) + (1 — y;) log(1 — p)]

« = -log(likelyhood). Lower values are more favourable
* A metric mixing calibration and discrimination

* |t accounts for confidence of predictions
(e.g. y; = 0, p; = 0.9: model too confident in predicting 1, wrong value
> higher loss due to the logarithm) B
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Calibration metrics: global calibration

Spiegelhalter’s Z-score

Y, (vi-p)(1-2py)

Z = N . . )2
Zi=1 \/pl(l_pl) (1_2pl) Spiegelhalter. Stat Med, 1986, 5(5):421-33

It is a normalized test statistic, providing a significance test for deviation
from perfect calibration

a Z-score close to zero paired with a p-value > 0.05 indicates an overall
well-calibrated model

It detects calibration bias

« Useful for benchmarking a model, not for model comparison or ranking
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General model descriptors

Akaike Information Criterion (AIC)
AIC = 2K — 2In(L)

It accounts for model complexity (K: number of parameters) and goodness of fit
(In(L): log-Likelihood)

e ... giving a performance measure relative to other models
- useful for model selection (within study)

Bayesian Information Criterion (BIC)
BIC = K In(n) — 2In(L)

« |t is similar to AIC, penalizing more heavily the number of parameters for larger L]
cohort sizes n
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NTCP Model selection in TETRIS

Performance Metrics

likelihood ratio test
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TRIPOD (Transparent Reporting of a multivariable prediction model

Guidelines for uniform reporting of summary scores
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The TRIPOD (Transparent Reporting of a
multivariable prediction model for
Individual Prognosis Or Diagnosis)
statement was published in 2015 to
provide the minimum reporting
recommendations for studies
developing or evaluating the
performance of a prediction model.
Methodological advances in the field of
prediction have since included the
widespread use of artificial intelligence
(Al} powered by machine learning
methods to develop prediction models.
An update to the TRIPOD statement is
thus needed. TRIPOD+AI provides
harmonised guidance for reporting
prediction model studies, irrespective

SUMMARY POINTS

have been used

There has been considerable interest and financial investment in developing
prediction models by applying artificial intelligence {Al) methods, typically
powered by advances in machine learning

To ensure that a prediction model study is valuable to users, authors should
prepare a transparent, complete, and accurate account of why the research was
done, what they did, and what they found

An update of the TRIPOD (Transparent Reporting of a multivariable prediction
model for Individual Prognosis Or Diagnosis) statement aims to harmonise

the landscape of prediction model studies using Al methods and to provide
guidance regardless of whether regression models or machine leaming methods

The TRIPOD+Al statement consists of a 27 item checklist, an expanded checklist
that details reporting recommendations for each item, and a TRIPOD+AI for
Abstracts checklist containing 13 items

TRIPOD+AI aims to assist authors in the complete reporting of their study and
help peer reviewers, editors, policymakers, end users, and patients understand
the data, methods, findings and conclusions of Al driven research

Adherence to the TRIPOD+AI reporting recommendations could encourage the

improved use of research time, effort, and money

the baa | BMJ2024:385:2078378 | doi: 10.1136/bmj-2023-078378

of whether regression modelling or
machine learning methods have been
used. The new checklist supersedes the
TRIPOD 2015 checklist, which should
no longer be used. This article
describes the development of
TRIPOD+AI and presents the expanded
27 item checklist with more detailed
explanation of each reparting
recommendation, and the TRIPOD+AI
for Abstracts checklist. TRIPOD+AI aims
to promote the complete, accurate, and
transparent reporting of studies that
develop a prediction model or evaluate
its performance. Complete reporting
will facilitate study appraisal, model
evaluation, and model implementation.

Prediction models are used across different healthcare
settings. They are used to estimate an outcome value
or risk. Most models estimate the probability of the
presence of a particular health condition (diagnostic)
orwhether a particular outcome will occur in the future
(1)mg'nostit],1 Their primary use is to support clinical
decision making, such as whether to refer patients
for further testing, monitor disease deterioration or
treatment effects, or initiate treatment or lifestyle
changes. Examples of well known prediction models
include EuroSCORE 11 (cardiac surgery),” the Gail
model (breast cancer),” the Framingham risk score
(cardiovascular disease),® IMPACT (traumatic brain
injury),’ and FRAX (osteoporotic and hip fractures).®
Prediction models are abundant in the biomedical
literature, with thousands of models published
annually (and increasing), and have been developed for
many outcomes and health conditions.” ® At least 731
di and ic model studies on
covid-19 were published during the first 12 months
of the pandemic.’ Despite this interest in developing
prediction models, there have been longstanding

1

WBukdos g pejoeiolg “LHOZE LN AHYHEIT ALISYIAINGD 18 $20Z Mdy g2 uo auos fug mammydpy woy papecumog “$z0g Mdy 91 uo 82884 0-6202-Twa/ge L 101 se paysyand 815 rig

TRIPOD 2015 Adherence assessment form

It is described how predictions for individuals (in the validation set) were
obtained from the model being validated

E.g. Using the original reported model coefficients with or without the intercept, Y/N Y/N =V10ci
spreadsheet or web calculator.
Specify all es used to del performance and, if re 1 if Score 1 if Score 1 if all Score 1 if
10d relevant, to compare multiple models.? el en|§ 1o0di elementf 1o0di A elen_i_ents 10di and
These should be described in the methods section of the paper (item 16 anll 10dii are and 10dii 2 | ccored as "y 1odii are scored
addresses the reporting of the results for model performance). scired as "Y" scored as "Y" as"y”
i Measures for model discrimination are described =Y if D10di=Y AND
E.g. C-index / area under the ROC curve Y/N Y/N Y/N viodi=Y
ii Measures for model calibration are described —y If D10dii=Y AND
E.qg. calibration plot, calibration slope or intercept, calibration table, Hosmer Y/N Y/N Y /N \; 1 Oldii:Y =
Lemeshow test, O/F ratio.
ii | Other performance measures are described
E.g. R?, Brier score, predictive values, sensitivity, specificity, AUC difference, YN Y/N Y/N =Y if D10diii=Y AND
decision curve analysis, net reclassification improvement, integrated viodii=Y
discrimination improvement, AIC J
S:::ore 1.':-5 S:mre 1::-5 Score 1 if element
Describe any model updating (e.q., recalibration) arising from the scored as "Y"; scored as "Y”; ':c:‘r::r;::s Y
10e | validation, if done. Not applicable score Not . score Not ” applicable if
H tis H tis I tis scored
scored as "NA" scored as "NA" S
i | A description of model-updating is given
E.g. Intercept recalibration, regression coefficient recalibration, refitting the
whole model, adding a new predictor
If updating was done, it should be clear which updating method was applied to Y /N/NA Y /N/NA =V1iQei

score Yes.
If it is not explicitly mentioned that updating was applied in the study, score this
jtem as ‘Not applicable’,




NTCP Model selection in TETRIS

A set of fundamental discrimination + calibration metrics should be used. For example:

Discrimination
Use gold standard together with metrics robust with respect to imbalanced datasets
-> AUC-ROC
- Balanced accuracy
- Matthews correlation coefficient

Calibration
Visual + bias analysis + model’s confidence
- Calibration plot, with intercept + slope
-> Spiegelhalter’s Z-score -
- BCE (log-Loss) or ECE

No penalization for number of predictors (AIC, BIC)
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