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The core idea I want to communicate

Bayesian principles and methods

● make sense
● provide a flexible framework for 

○ analyzing complex and heterogeneous collections of data, and
○ making statistical inferences that consider prior quantitative information.

● add value to the MIDD process
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A scientific and professional journey
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A path to Bayes

● Mathematical models to synthesize complicated 
collections of knowledge and data, and to help us 
understand how they interact in real systems. 

● Maximum likelihood data analysis considers 2 knowledge 
types:
○ Data
○ Prior qualitative knowledge to inform model structure

● Bayesian data analysis extends this notion to also 
consider prior quantitative knowledge
○ Added to the model in the form of prior distributions.
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Key components of Bayesian analysis
Your state of knowledge about 
an estimand such as a model 
parameter or a predicted 
outcome is described in terms 
of a probability distribution.

Bayes Rule is the basis for 
inference about model 
parameters (θ) given data (y) 
and prior knowledge about 
model parameters (p(θ)):

Prior Data Posterior
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Potential added value of Bayesian methods

● Prior distributions to make inferences based on the 
combined evidence of new data and prior information

● Greater flexibility in experimental design and analysis
● Bayesian methods plus flexible PPLs make it easier to 

implement joint analysis of heterogeneous data
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Prior distributions to make inferences based on the 
combined evidence of new data and prior information

Selective use of informative priors when analyzing sparse 
data from special populations

AAPS Annual Meeting, New Orleans, 1999
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Bayesian PBPK modeling

Journal of the American Statistical Association, 91(436):1400–1412, 1996.

Bois et al. Arch Toxicol (1996) 70: 347—355

● Uses complex models with physiologically 
relevant parameters, e.g., tissue blood flows, 
tissue volumes, tissue/blood partition 
coefficients, etc.

● Prior distributions based on a combination of 
information sources:
○ Physiologic knowledge
○ Nonclinical data: animal & in vitro
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Bayesian PBPK modeling

“Five key features, all of which work in combination:

1. a physiological model
2. a population model
3. prior information on the population physiological 

parameters
4. experimental data
5. Bayesian inference”
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Bayesian PBPK modeling

“If any of these five features are missing, the model will not 
work:
1. Without a physiological model, there is no good way to obtain prior 

information on the parameters;
2. Without a population model, there is not generally enough data to 

estimate the model independently on each individual;
3&4. The parameters of a multi compartment physiological model cannot be 

determined accurately by data or prior information alone;
5. Bayesian inference yields a distribution of parameters consistent with 

both prior information and data, if such agreement is possible.”
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Greater flexibility in experimental design & analysis
Dose-ranging trial design with Bayesian adaptive dose 
assignment and adaptive stopping: The ASTIN trial

Adapted from DA Berry et al. Case Studies in 
Bayesian Statistics, 5:99-157, 2002.
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Bayesian methods plus flexible PPLs make it easier to 
implement joint analysis of heterogeneous data

“...a number of important innovations were also 
implemented:”
1. “A Bayesian implementation has been 

developed, allowing for a probabilistically 
correct synthesis of literature meta-data with 
patient-level data.”

2. “The generalized logistic function for 
expected disease progression is used in 
conjunction with Beta-distributed 
residuals...”

3. “The covariance structure is extended to 
include inter- study variation...”

4. “The covariance structure is extended to 
include inter- study heterogeneity in 
variance components.”
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Bayesian methods plus flexible PPLs make it easier to 
implement joint analysis of heterogeneous data

Joint model of pre-clinical 
response, and frequency of 
clinical efficacy and AE 
events

WR Gillespie. ACCP Annual Meeting, 
Philadelphia, 2008
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Getting started: Learning the ropes 
Reading for self-study & reference

Online workshops
https://www.metrumrg.com/courses/
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Getting started
Selected tools for Bayesian PMX modeling

● Commercial PMX s/w
○ NONMEM
○ PUMAS

● More flexible open source PPLs
○ WinBUGS/OpenBUGS/JAGS
○ Stan / Torsten
○ Turing
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Torsten / Stan
● Stan is an open source PPL for Bayesian data analysis.

○ Primary inference engine is NUTS, an adaptive HMC sampler.

● Torsten is a collection of Stan functions to facilitate 
analysis of PMX data---analogous to PREDPP.
○ Models and data format are based on NONMEM/NMTRAN/PREDPP 

conventions.
○ https://github.com/metrumresearchgroup/Torsten

https://github.com/metrumresearchgroup/Torsten
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Torsten Teorell
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Bayesian modeling in perspective

● MIDD contributes huge value without using Bayesian 
approaches. 

● OTOH, Bayesian methods can provide substantial added 
value, particularly where data is limited and prior 
information is available to inform inferences and 
decisions.
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Add Bayesian approaches to your modeling tool kit

When considering a potential modeling application, assess 
the pros and cons of applying a Bayesian approach.
● Will use of quantitative prior information add value?
● Will joint analysis of heterogeneous data types add value?
● Do you want to make probabilistic inferences about 

parameter values or predictions?
● Do you want to evaluate potential decision paths based on 

quantitative optimization of risk-benefit trade-offs?
● Is the added value sufficient to offset the additional time 

and effort?
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Caution

● Bayesian modeling is not a magic bullet that solves all 
your data analysis and statistical inference problems. 
○ It is just a particularly flexible and coherent approach. 
○ Study design still matters as do issues like causality and multiplicity.

● Posterior sampling methods like MCMC require new skills, 
or in the words of the WinBUGS/OpenBUGS manuals:
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Think Bayesian; act pragmatically

● Conceptualize a modeling & simulation project in 
Bayesian terms.

● Then assess whether you can execute the project with 
fully Bayesian methods within the time available to add 
value. 

● It not, compromise using methods that attempt to 
approximate the Bayesian ideal. 
○ Use approximate Bayesian methods like MAP Bayes. 
○ Compromise on the model structure to permit use of standard tools like 

NONMEM.
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Future of Bayesian methods in PMX and MIDD

● Continuing improvements in h/w and s/w will make 
Bayesian computations faster and more accessible.
○ Improvements in posterior sampling algorithms including better 

exploitation of parallel computation.
○ Simplified user interfaces to facilitate more rapid PMX model 

development and shorten the learning curve.
○ Bayesian calibration of large scale QSP models will become increasingly 

feasible.
○ As will Bayesian analysis of very large data sets.
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Be curious; 
be creative

Learn from other 
disciplines and 
adapt it to extend 
the range of PMX

Grow the science 
by sharing what 
you learn

Apply your 
hard-earned 
knowledge and 
skills to real 
world problems

In particular, apply them for the 
benefit of our ultimate 
stakeholders—patients


