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Clinical Prediction Modeling

Clinical prediction models aim to provide a probability of
disease/outcome presence (diagnosis) or occurrence
(prognosis) in an individual.
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Example: The Wells Rule
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Evaluating generalizability

Important components

� Reproducibility

� Transportability

Validation studies

� Internal validation

� Temporal validation

� External validation

Search for different but related populations!
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Example: External validation of the Wells Rule
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Improving generalizability

� Increase Sample Size
� Individual Participant Data
� Individual Study Centers

� Amplify Sample Spectrum
� Domain
� Heterogeneity

� Apply Robust Estimation
� Penalization & Shrinkage
� Model Updating
� Including External Knowledge
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Overview of External Knowledge

� Available from literature (binary outcomes):
� Univariable logistic regression coefficients

(or unadjusted odds ratios)
� Multivariable logistic regression coefficients

(or adjusted odds ratios)
� Complete logistic regression models

(or score charts)
� Regression trees, neural networks, ...

� Challenges
� Heterogeneity !!!
� Variety in modeling algorithms
� Variety in considered parameters
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External Knowledge: univariable regression coefficients

� Adaptation Method: update multivariable coefficient
� Calculates change from uni- to multivariable coefficient
� Applies change to (summarized) literature coefficients
� Accounts for correlations *
� Penalizes the adaptation *

� Practical Example: diagnosing DVT
� IPD: Multivariable dataset (n = 1295)
� LIT: 7 unadjusted odds ratios (biomarker D-dimer)
� Update D-dimer coefficient in multivariable prediction model
� External validation of updated prediction model (n = 1756)
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External Knowledge: logistic regression models

� Assumptions
� Logistic regression models
� Similar set of predictors

� Relaxing constraints
� Focus on core set of predictors
� Imputation of unknown regression coefficients
� Recalculation of regression coefficients (score charts)

� Combining regression coefficients (LIT+IPD)
� Univariate meta-analysis
� Multivariate meta-analysis
� Bayesian Inference

� Intercept update using IPD
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External Knowledge: logistic regression models

� Practical Example: diagnosing DVT
� IPD: Multivariable dataset (n = 1028)
� LIT: 5 previously published prediction models
� VAL 1: Multivariable dataset (n = 791)
� VAL 2: Multivariable dataset (n = 436)

� Constraints literature models
� Unknown standard errors
� Unknown regression coefficients
� Heterogeneous sets of predictors
� Heterogeneous populations
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External Knowledge: heterogeneous prediction models

� Robust aggregation approaches
� Model Averaging
� Stacked Regressions

� Explicit summary model
� Estimate averaged predictions
� Expand regression coefficients
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Strengths and Weaknesses

� Strengths
� Aggregation usually improves performance
� Abundance of external knowledge
� Straightforward implementation of approaches
� Explicit aggregated models (no black boxes)

� Weaknesses
� Heterogeneity of external knowledge
� Performance gain not always very large
� Additional efforts required during derivation phase
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Conclusion

Promising Results

� Simulation studies & Applications

Potential Implementations

� Derivation of robust prediction models using small samples

� Update existing models with new evidence

� Unify disparate models from literature

Future (Birmingham)

� Prediction modeling with multiple IPDs

� Publication bias
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