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Overview

Introduction

Caveat emptor: nothing stochastic here!

Generic Issues of Parameter Estimation

Estimation Strategies: “From processes up” versus “From time series down”

Beyond Quality of Fit

System Identification

“Non-parametric” Dynamic Flux Estimation (DFE)

Challenges of DFE and Partial Remedies



Definitions

Parameter:

A quantity in a function or set of equations that remains constant 
during a mathematical evaluation (“computational experiment”), but 
may vary from one experiment to the next.

Parameter Estimation (Mathematics):

The process of identifying values of parameters in a model that 
(typically) minimize the difference between the output of the model 
and corresponding data.

Example:

F(x) = m x + b



Overall Goal

Parameter estimation in systems analysis requires that we know the 
functional form of the model or set of equations.

In contrast to statistics, there seem to be no widely-accepted “nonparametric 
methods” in dynamical systems modeling (outside analog modeling; Ellner et 
al. 2002 used spline regression).

Goal here: slightly ameliorate the problem (without completely solving it)



Diagnostics of Core Problem:
Why don’t we have functions?

Physics:  Functions come from theory

Biology: No theory available 



Example: Glycolysis in Lactococcus

7

Voit et al.:  IEE Proc. Systems Biol. 2006; PNAS 2006



Why Not Use “True” Rate Functions?
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Diagnostics of Core Problem

Physics:  Functions come from theory

Biology: No theory available 

Solution 1: Educated guesses: growth functions

Solution 2: “Partial” theory:  Enzyme kinetics

Solution 3: Generic approximation



Biochemical Systems Theory
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Note: BST does not solve the problem of unknown functions either, but it provides 
a rather general and unbiased default for getting started with a model.



Mapping 
Structure            Parameters

X1 X 2 X 3 X 4

X1 X 2 X 3 X 4
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Traditional Estimation Strategy
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Vi=Ri(Si, Mi)

p1, p2, p3, …

= fk(Xj, Vi)
dXj
dt

Voit, Drug Discovery Today, 2004



Estimation Based on Time Series and BST
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Voit, Drug Discovery Today, 2004
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Quality of Fit

Traditional assessment of an estimation result:

Minimally possible residual error between model and data, given a fixed model 
structure (including a set of parameters)

Typical example: linear regression

Gutenkunst, Raue, Vilela, …:

Many almost-equivalent solutions lead to neutral spaces, sloppiness, 
identifiability problems.

Reasons: Too many parameters; wrong functions; too few data

One remedy: Compute ensembles of solutions, but require functional model

Vilela et al., BMC Systems Biology 3:47, 2009.



Challenges in System Estimation

Technical problems: 
Time to convergence; no convergence
Very rough error surfaces
Very shallow error surfaces
Local minima

Problems with data:
Problems with collinear data
Problems with insufficient data (quantity, quality)

Problems with models:
Problems with models containing redundancies
Problems caused by similar fits with different models
Problems with compensation of error among terms

Problems with model-data combination:
Averaging of estimation results
Extrapolation

simultaneous



Challenges in System Estimation

Technical problems: 
Time to convergence; no convergence
Very rough error surfaces
Very shallow error surfaces
Local minima

Problems with data:
Problems with collinear data
Problems with insufficient data (quantity, quality)

Problems with models:
Problems with models containing redundancies
Problems caused by similar fits with different models
Problems with compensation of error among terms

Problems with model-data combination:
Averaging of estimation results
Extrapolation

Discuss these



Example: Collinear Data (in log space):
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Similar Fits with Different Models
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Insufficiently Informative Data

One data set (yellow)

Fit yellow data with function F(X1, X2): 
White line in 3-dim space
Line is part of red surface

True model: Blue surface F(X1, X2)

Extrapolation with F(X1, X2) bad for 
green data
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Voit, 2010
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Averaging of Estimation Results
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Problems with Compensation

Goel, Chou, Voit, Bioinformatics, 2008



Problems with Compensation



Problems with Compensation



Problems with Compensation



Problems with Compensation



Problems with Compensation



Problems with Compensation



Problems with Compensation
Mild extrapolation: Reduce input X1 from 2 to 1.1



Dynamic Flux Estimation (DFE)
Inspired by Stoichiometric and Flux Balance Analysis (purely at steady state)

Extended to dynamic time courses:
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Dynamic Flux Estimation (DFE)

Concept:

Study flux balance at each time point

Change in variable @ t = All influxes @ t – All effluxes @ t

Linear system; solve as far as possible

Result: values of each flux @ time points ti (non-parametric; 
no functional forms!)

Represent fluxes with appropriate models



Dynamic Flux Estimation (DFE)

Goel, Chou, Voit, Bioinformatics, 2008



Problems with DFE

Voit et al., IET Systems, 2010

Issue 1: The connectivity (reactions and/or regulation) of the system is
not fully known. 

Issue 2: Some time series were not measured, although metabolites are 
involved in the pathway. 

Issue 3: Some unknown or not measured metabolites are important. 

Issue 4: The flux system is under-determined. This situation is the rule 
rather than the exception.  



Solution Strategies

Issue 1: The connectivity (reactions and/or regulation) of the system 
is not fully known. 

Causality models

Correlation-based approaches

Fitting alternative candidate models

Fitting superstructures (families of models that contain special cases)

Biochemical Systems Theory or other canonical models useful

Requires very good data



Solution Strategies
Issue 2: Some time series were not measured, although metabolites are 
involved in the pathway 

Mass negligible?

Information about reactions associated with missing metabolite?

Example: reversible isomerization of G6P (measured) to F6P (not measured)
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Solution Strategies

Issue 3: Some unknown or not measured metabolites are important

Affecting pertinent mass? (C versus P or H; G6P ~ F6P; NAD+ ~ NADH )

Mass balanced? (Total mass over time ~ constant?) 

Yes: metabolites may be ignorable

No: problem with no good solution



Solution Strategies

Issue 4: The flux system is under-determined. This situation is the 
rule rather than the exception

Determine some fluxes with other means

Kinetic information

New method: 

Estimate enough fluxes from time series data

to render the system full rank

Chou and Voit, BMC Syst. Biol., 2012



Individual Flux Estimation

Assume that vi
- is a function in a strict mathematical sense.

Look for time points (in the same or in similar datasets) where Xi has the 
same value (e.g., ci), whereas Xj has a different value at each of these time 
points. If so, all values of vi

- are the same: vci

j iX X→ →

( ) ( )i i j i iX v X v X+ −= −&

ijii vcXvX −= + )(&

Basic Concept: Consider simple dynamics of Xi

Observe Xi at several time points; point-estimate vi
+ 



Individual Flux Estimation

Result: point-estimates of vi
+

Can plot these estimates against time or against dependent variable

No functional form!

Functional form may be estimated in second step



Example
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Individual Flux Estimation



Collect data where X1 has the same value

Bin values

Assign X2 values to binned X1 values

Estimate slopes S2 ( = derivatives of X2) 

Individual Flux Estimation



Recall equation of X2

2 2 3.X v v= −&

For X1 with equal value,                           must have the same (but unknown) value0.8
2 12.4 v X=

Estimate slopes S2 from data; point-estimate v3

Individual Flux Estimation



Repeat for many sets of X1 values; shift as needed; e.g., v(0) = 0

Individual Flux Estimation



Example:  Trehalose Pathway
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Flux system (functions unknown)

Rank deficiency = 1



Same procedure as before for one flux of our choice; here v4
Once one flux estimated, system has full rank

Example:  Trehalose Pathway



Same principles for fluxes depending on two metabolites

Individual Flux Estimation



Estimated fluxes

Example:  Trehalose Pathway

Shapes (vs. time and vs. metabolites) characterized
Functional representations unknown (non-parametric estimation) 



Reconstruction of dynamics, using estimated fluxes (functional forms unknown)

Example:  Trehalose Pathway



Summary and Acknowledgments

o Parameter estimation complicated (bottleneck of modeling) 
o Quality of fit (defined as residual error) not sufficient
o Parameter estimation even more complicated if functions unknown
o DFE works well, if enough data are available and system full rank
o If not, parametric tricks
o Filling rank possible if suitable data available
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I-Chun Chou



Just published!
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