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The last two decades have seen an explosion in literature on mathematical and computational models of
physical events, spanning several spatial and temporal scales, designed to characterize physical phenomena
and systems of unprecedented complexity. While such developments have the potential to revolutionize
engineering and science, the reliability of these models has remained an elusive subject for many years. Im-
plicit in predictive modeling is the employment of supervised learning algorithms to train the computational
models (calibration) and challenge their predictable capabilities (validation) against sets of training and test
data. The development of predictive physics-based models, however, is one of the foremost challenges in
modern predictive science due to presence of uncertainties in the selection of reliable models, model param-
eters, and in coping with model inadequacy, especially for very complex physical systems. Additionally, the
data corresponding to the physical measurements are often noisy and incomplete. The problem of overrid-
ing importance is to characterize all of these uncertainties, to track their propagation through the different
solution processes, and to ultimately quantify the uncertainty in the key target quantities of interests (QoIs).
To address these issues, a host of new mathematical and computational technologies, inspired by machine
learning techniques, must be developed to address the reliability and guide decision-making under uncer-
tainty. In particular, methods based on logical probability and Bayesian approach provide an all-inclusive
framework for recognizing the essential features of a predictive model while also providing the means to
quantify uncertainty.
Challenges and future research directions

Anarchetypal examples of the challenge of reliable predictions in the presence of uncertainties are bi-
ological phenomena of growth and decline of cancer in living organisms, a subject that involves a highly-
complex array of biological, chemical, and physical events occurring in various scales. The major challenges
in developing multiscale models, in particular tumor models enabling reliable and patient-specific predic-
tions of cancer evolution and its response to treatment, remain the following: (1) Model selection. Among
the enormous number of possible models covering a huge range of physical and biological events, which
models are the best for predicting key QoIs in characterizing tumor growth? (2) Model parameters. How
can we determine reasonable values or meaningful statistical representations of the multitude of parameters
of models? (3) Observational data. How can one access both in-vitro and in-vivo observational data and
optimize the information gain from various types of structured and unstructured data? What supervised and
unsupervised machine learning techniques are needed to analyze cancer data, to classify and register non-
invasive medical images, to inform physics-based models and, at the same time, to cope with experimental
noise and inevitable errors in the processes and systems used to collect and process data? (4) Algorithms.
What new computational algorithms are needed to cope with large-scale stochastic systems, complex ge-
ometries, efficient statistical sampling problems, numerical stability, error estimation and control, adaptive
meshing, statistical inversions, and very large scalable parallel computing requirements? (5) Results and
actions. How is the validity of model predictions assessed? How is the uncertainty in the predicted QoIs
quantified? How can the model predictions guide effective therapies for controlling tumor growth?
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Figure 1: OPAL. Starting from a set M of possi-
ble models, a parameter sensitivity analysis is con-
ducted to guide the partitioning of model into cate-
gories. Models in Category 1 are calibrated and the
most plausible model is selected for validation test.
This process will be continued for other categories un-
til a “simplest valid model” is adaptively identified.

Assessing predictability of large family of
possible model classes at each scale, e.g. tissue,
cellular, sub-cellular, requires frameworks based
on a systematic approach that brings together the
statistical, mathematical, computational, and bi-
ological issues relevant in tumor growth. The
approach is regarded as “model agnostic” as it
does not presume that a valid model is known
in advance of a prediction. An example of such
framework is the Occam Plausibility Algorithm
(OPAL) that is developed through U.S. Depart-
ment of Energy Office of Science support (Di-
aMond) on emerging methods at the interfaces
of data, models, and decisions. OPAL is a gen-
eral framework that combines Bayesian machine
learning and information theoretics to address un-
certainties in parameters, data, and model selec-
tion as well as addressing the elusive problem of model inadequacy (Figure 1). OPAL integrates observa-
tional data for model calibration, determination of sensitivities of outputs to parameter variances, calculation
of model plausibilities for model selection, and development of criteria for the design of model validation
experiments. It was initially implemented to validate coarse-grain models of atomistic systems and later em-
ployed to select and assess the reliability of computational prediction of 39 tissue-scale tumor models using
the data obtained from magnetic resonance imaging (MRI) of glioma tumors in laboratory animals (Figure
2). Implementation of frameworks, based on the OPAL concept, to systematically assess and propagate un-
certainties through models at multiple scales, to statistically validate and select models using collected data,
while accounting for the trade-off between validity and complexity of models is crucial in advancement
predictive of multiscale and multiphysics modeling.

Figure 2: [left] MRI data for laboratory rats show-
ing healthy brain region (blue) and tumor region (red);
[right] Numerical simulation of the validated continuum
model in the prediction scenario (red: tumor region).

Another challenge in predictive multiscale
modeling is meaningful integration of various
type of observational data, including genomic
and imaging techniques, to train and test the
sub-cellular to tissue scale models. This re-
quires careful design of experiments and mul-
tiple and hierarchical calibration and validation
scenarios. The process of accumulating infor-
mation from hierarchical scenarios conceptual-
ized as levels in a “prediction pyramid”, that
systematically increases the level of confidence
in predicting the non-observable QoI at the top of the pyramid. The Bayesian learning embedded in OPAL,
allows the treatment of the associated uncertainty in each level and the assessment of the reliability of mul-
tiscale model prediction.

Achieving truly predictive multiscale models using OPAL and following prediction pyramid, requires
innovative computational mathematics solutions, efficient and scalable parallel computing, and software
infrastructures to expand the limit of current modeling capabilities. This involves leveraging the parallel
environments in nonlinear equation solvers, solution of large scale stochastic forward problems, and pro-
cessing large scale data. To overcome the computational challenges of solving very large Bayesian inverse
problems, new methods needs to be developed and implemented to advance Markov chain Monte Carlo
(MCMC) algorithms that can efficiently sample complicated posterior distributions.
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