
Katsoulakis and Colleagues Improve Predictive  
Capabilities of Complex Mathematical Models 

In the 22 February 2016 issue of Nature Chemistry, mathematics professor Markos Katsoulakis 
and colleagues at the University of Delaware introduced an improved approach to dealing with 
uncertainty in complex mathematical models that are used to predict the behavior of chemical 
reaction networks. Their mathematical and computational framework provides key steps towards 
the computer-aided design of new, better-performing and low cost catalysis materials. 

 
 

Markos Katsoulakis 

As Katsoulakis explains, mathematical models are a primary tool used to both understand and 
predict complex phenomena ranging from weather and climate, traffic patterns, social networks 
and other collective behaviors. Though potentially powerful, such models are vulnerable to 
errors and uncertainty, and they are now not only asked to account for increasingly complex 
systems with millions or even billions of variables, but also to integrate available data from 
different scales. For example, new models must handle variables from the molecular level all the 
way to the everyday macroscopic scale, and basic physical processes at different time scales, he 
notes. 

The particular challenge, Katsoulakis says, was to explore how specific kinds of models can 
guide experiments and potentially predict new materials. He says, “Although our proposed 
mathematical and computational methods are broadly applicable, in this paper we focus our 
attention on kinetic models for heterogeneous catalysis. In particular we demonstrate these new 
methods in ethanol steam reforming, a process that can be used in renewable hydrogen 
production for fuel cells.” 

He adds, “In this publication, we provide the first rationalization and quantification of why 
kinetic models under-predict experimentally measured reaction rates by a considerable degree. 
We also show that, despite significant model uncertainty, our correlative uncertainty 
quantification methods, combined with experiments, provide key insights on catalyst active sites 
and missing reaction steps that can be used to improve the predictive ability of the physical 
model itself.” 



His co-author at Delaware, Dion Vlachos, explains, “If you and a friend each have four reasons 
for wanting to live in the city, that might sound like a total of eight reasons. But if three of your 
reasons overlap, the list ends up with only five items, not eight. It’s the same with model 
parameters. When we looked at correlations among parameters and their dependence on each 
other, we realized that the errors were not nearly as large as we thought they were.” 

Failing to account for correlations and model constraints can lead to wrong predictions, 
unnecessarily high dimensionality and intractable statistical inference of too many parameters 
from experimental data, Katsoulakis notes. Thus, researchers need to develop new systematic 
mathematical approaches to tackle such challenges. 
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