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INTRODUCTION

In this tutorial, several basic examples of how FBA can be used to analyze constraint-based models, as
described in [0], are presented. Many more COBRA methods, including some that are covered in this tutorial,
are also presented in the COBRA Toolbox v3.0 paper [ref]. A map of the core model is shown in Figure 1.
Formal reaction name abbreviations are listed in blue text, formal metabolite name abbreviations are listed in
purple text.

Beginner COBRA methods

Example 0: Calculating growth rates

Example 1. Growth on alternate substrates

Example 2. Production of cofactors and biomass precursors
Example 3. Alternate optimal solutions

Example 4. Robustness analysis

Example 5. Phenotypic phase planes

Example 6. Simulating gene knockouts

Example 7. Which genes are essential for which biomass precursor?

Example 8. Which non-essential gene knockouts have the greatest effect on the network flexibility?
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Figure 1 Map of the core E. coli metabolic network. Orange circles represent cytosolic metabolites,

yellow circles represent extracellular metabolites, and the blue arrows represent reactions. Reaction name
abbreviations are uppercase and metabolite name abbreviations are lowercase. These flux maps were drawn
using SimPheny and edited for clarity with Adobe lllustrator.




MATERIALS - EQUIPMENT SETUP

Please ensure that all the required dependencies (e.g. , git and curl) of The COBRA Toolbox have

been properly installed by following the installation guide here. Please ensure that the COBRA Toolbox has
been initialised (tutorial_initialize.mlIx) and verify that the pre-packaged LP and QP solvers are functional
(tutorial_verify.mlx).

PROCEDURE

Load E. coli core model
The most direct way to load a model into The COBRA Toolbox is to use the readCbModel function. For
example, to load a model from a MAT-file, you can simply use the filename (with or without file extension).

fileName = “"ecoli_core_model.mat”;
it ~exist("modelOri*, “var")
modelOri = readCbModel (fileName);
end
%backward compatibility with primer requires relaxation of upper bound on
%ATPM
modelOri = changeRxnBounds(modelOri, "ATPM®,1000, “"u®);
model = modelOri;


https://opencobra.github.io/cobratoolbox/stable/installation.html

-

model =

| 1x1 struct with 28 fields
Field Value Size
> S 72x95 sparse do... 72x95
{} mets 72x1 cell 72x1
b 72x1 double 72x1
c[r| csense 72x1 char 72x1
{} rxns 95x1 cell 95x1
b 95x1 double 95x1
ub 95x1 double 95x1
C 95x1 double 95x1
|| osenseStr 'max’ 1x3
{} genes 137x1 cell 137x1
i} rules 95x1 cell 95x1
metCharges 72x1 int32 72x1
{}l metFormulas 72x1 cell 72x1
{}l metNames 72x1 cell 72x1
i metInChiIString  72x1 cell 72x1
1 metKEGGID 72x1 cell 72x1
i} metChEBIID 72x1 cell 72x1
i}l metPubChemID 72x1 cell 72x1
i} grRules 95x1 cell 95x1
>l rxnGeneMat 95x137 sparse d... 95x137
rxnConfidence... 95x1 double 95x1
{} rknNames 95x1 cell 95x1
i} rxnNotes 95x1 cell 95x1
{H rxnECNumbers  95x1 cell 95x1
{} rxnReferences 95x1 cell 95x1
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The meaning of each field in a standard model is defined in the standard COBRA model field definition.
In general, the following fields should always be present:

¢ S, the stoichiometric matrix

* mets, the identifiers of the metabolites

* b, Accumulation (positive) or depletion (negative) of the corresponding metabolites. 0 Indicates no
concentration change.

* csense, indicator whether the b vector is a lower bound ('G"), upper bound ('L"), or hard constraint 'E' for
the metabolites.

* rxns, the identifiers of the reactions

¢ |b, the lower bounds of the reactions

* ub, the upper bounds of the reactions

* ¢, the linear objective

* genes, the list of genes in your model

* rules, the Gene-protein-reaction rules in a computer readable format present in your model.

* osensesStr, the objective sense either "max* for maximisation or "min*® for minimisation

Checking the non-trivial constraints on a model
What are the default constraints on the model?

Hint: printConstraints

Calculating growth rates
Growth of E. coli on glucose can be simulated under aerobic conditions.

What is the growth rate of E. coli on glucose (uptake rate = 18.5 mmol/gDW/h) under aerobic and
anaerobic conditions?

Hint: changeRxnBounds, optimizeCbModel

Display an optimal flux vector on a metabolic map
Which reactions/pathways are in use (look at the flux vector and flux map)?

Hint: drawFlux

outputFormatOK = changeCbMapOutput(“matlab™);
map=readCbMap(“ecoli_core _map-);
options.zeroFluxWidth = 0.1;
options.rxnDirMultiplier = 10;

drawFlux(map, model, FBAsolution.v, options);

Unable to resolve the name FBAsolution.v.
What reactions of oxidative phosphorylation are active in anaerobic conditions?
Hint: printFluxVector drawF lux

fluxData = FBAsolutionAnaer.v;
nonZeroFlag = 1;


https://github.com/opencobra/cobratoolbox/blob/master/docs/source/notes/COBRAModelFields.md

printFluxVector(model, fluxData, nonZeroFlag)

Example 1. Growth on alternate substrates

Just as FBA was used to calculate growth rates of E. coli on glucose, it can also be used to simulate growth on
other substrates. The core E. coli model contains exchange reactions for 13 different organic compounds, each
of which can be used as the sole carbon source under aerobic conditions.

What is the growth rate of E. coli on succinate?
Hint: changeRxnBounds

model = modelOri;

Batch prediction of growth rates on different substrates
What is the growth rate of E. coli on all 13 substrates in the core model, aerobically and anaerobically?

Hint: Use a for loop, with changeRxnBounds and optimizeCbModel

Example 2. Production of cofactors and biomass precursors

FBA can also be used to determine the maximum yields of important cofactors and biosynthetic precursors from
glucose and other substrates [12].

What is the maximum yield of ATP per mol glucose?

Hint: use changeObjective to set the model to maximise the ATP hydrolysis reaction.

What is the maximum yield of NADH and NADPH per mol glucose in aerobic and anaerobic conditions?
Hint: Check the default constraints on the model before proceeding. Also, use:

model = addReaction(model, "NADH drain®, "nadh[c] -> nad[c] + h[c]");

Sensitivity of a FBA solution

The sensitivity of an FBA solution is indicated by either shadow prices or reduced costs. A shadow price is

a derivative of the objective function with respect to the exchange of a metabolite. It indicates how much the
addition of that metabolite will increase or decrease the objective. A reduced cost is the derivatives of the
objective function with respect to the lower and upper bounds on a reaction, indicating how much relaxation, or
tightening, of each bound increases, or decreases, the optimal objective, respectively. In the COBRA Toolbox,
shadow prices and reduced costs are calculated by optimizeCbModel. The vector of m shadow prices is
FBAsolution.dual and the vector of n reduced costs is FBAsolution.rcost.



In the E. coli core model, when maximising ATP production, what is the shadow price of cytosolic
protons?

Hint: FBAsolution.y

What is your biochemical interpretation of this change in objective in the current context?

Hint: printFluxVector, drawFlux

In the E. coli core model, when maximising ATP production, what is the reduced cost of glucose
exchange?

Hint: FBAsolution.rcost

In the E. coli core model, what is the shadow price of cytosolic protons at (a) maximum NADH yield, and
(b) at maximum NADPH yield?

What is your biochemical interpretation of these value in the current context?

Hint: drawFlux

Biosynthetic precursor yields

The core E. coli model contains 12 basic biosynthetic precursor compounds that are used to build
macromolecules such as nucleic acids and proteins. The maximum yield of each of these precursor metabolites
from glucose can be calculated by adding a demand reaction for each one (a reaction that consumes the
compound without producing anything) and setting these as the objectives for FBA. A yield of 2 moles of a
3-carbon compound from 1 mole of 6-carbin glucose is 100% carbon conversion.

What is the maximum yield of 12 basic biosynthetic precursor compounds that are used to build
macromolecules such as nucleic acids and proteins? What is the percentage of the carbon atoms in
glucose that are converted to the precursor compound (Carbon Conversion) in each case?

Hint: what are the non-zero stoichiometric coefficients in the biomass reaction? See also
model .metFormulas

Example 3. Alternate optimal solutions

The flux distribution calculated by FBA is often not unique. In many cases, it is possible for a biological
system to achieve the same objective value by using alternate pathways, so phenotypically different alternate
optimal solutions are possible. A method that uses FBA to identify alternate optimal solutions is Flux
Variability Analysis (FVA)[13]. This is a method that identifies the maximum and minimum possible fluxes
through a particular reaction with the objective value constrained to be close to or equal to its optimal value.



Performing FVA on a single reaction using the basic COBRA Toolbox functions is simple. First, use functions
changeRxnBounds, changeObjective, and optimizeCbModel to perform FBA as described in the previous
examples. Get the optimal objective value (FBAsolution.f), and then set both the lower and upper bounds

of the objective reaction to exactly this value. Next, set the reaction of interest as the objective, and use FBA
to minimize and maximize this new objective in two separate steps. This will give the minimum and maximum
possible fluxes through this reaction while contributing to the optimal objective value.

What reactions vary their optimal flux in the set of alternate optimal solutions to maximum growth of E.
coli on succinate? Are there any reactions that are not used in one optimal solution but used in another
optimal solution? What are the computational and biochemical aspects to consider when interpreting
these alternate optimal solutions?

Hint: FluxvVariability

Example 4. Robustness analysis

Another method that uses FBA to analyze network properties is robustness analysis [14]. In this method,
the flux through one reaction is varied and the optimal objective value is calculated as a function of this flux.
This reveals how sensitive the objective is to a particular reaction. There are many insightful combinations of
reaction and objective that can be investigated with robustness analysis. One example is examination of the
effects of nutrient uptake on growth rate.

What is the effect of varying glucose uptake rate on growth? At what uptake rates does glucose alone
constrain growth?

Hint: fix the oxygen uptake rate to 17 mmol gDW-1 hr-1

What is the growth rate as a function of oxygen uptake rate with glucose uptake held constant?

Hint: fix glucose uptake at 10 mmol gDW-1 hr-1

Example 5. Phenotypic phase plane analysis

When performing robustness analysis, one parameter is varied and the network state is calculated. It is also
possible to vary two parameters simultaneously and plot the results as a phenotypic phase plane [15]. These
plots can reveal the interactions between two reactions in interesting ways.

Calculate the phenotypic phase plane for maximum growth while varying glucose and oxygen uptake
rates? What is the biochemical interpretation of each of the phase planes?

Hint: vary uptake rates between 0 and -20 mmol gDW-1 hr-1



Example 6. Simulating gene knockouts

Just as growth in different environments can be simulated with FBA, gene knockouts can also be simulated by
changing reaction bounds. To simulate the knockout of any gene, its associated reaction or reactions can simply
be constrained to not carry flux. By setting both the upper and lower bounds of a reaction to 0 mmol gDW-1
hr-1, a reaction is essentially knocked out, and is restricted from carrying flux. The E. coli core model, like many
other constraint-based models, contains a list of gene-protein-reaction interactions (GPRs), a list of Boolean
rules that dictate which genes are connected with each reaction in the model. When a reaction is catalyzed

by isozymes (two different enzymes that catalyze the same reaction), the associated GPR contains an “or” rule,
where either of two or more genes may be knocked out but the reaction will not be constrained.

Which genes are required to be knocked out to eliminate flux through the phosphofructokinase (PFK)
reaction?

Hint: study the model

What is the growth rate of E. coli when the gene b1852 (zwf) is knocked out?

Hint: deleteModelGenes

Knockout every pairwise combination of the 136 genes in the E. coli core model and display the results.

Hint: doubleGeneDeletion

Example 7. Which genes are essential for which biomass precursor?

Earlier, we saw how to determine essential genes for growth. Here we will repeat the same analysis but instead
of optimizing for the biomass production, we will optimize for the synthesis of all biomass precursors individually.

Which genes are essential for synthesis of each biomass precursor?

Hint: addDemandReaction

Which biomass precursors cannot be net synthesised by the E. coli core model? What does this say
about the E. coli core model itself?

Hint: think about steady state versus mass balance

Example 8. Which non-essential gene knockouts have the greatest effect on
the network flexibility?



Another question one might be interested in asking is what are the consequences for the network of deleting
a non-essential gene? Given an objective, the flux span is the difference between the maximium and minimum
alternate optimal flux values for a reaction. A reaction is said to become more flexible if its flux span increases
and less flexible if its flux span decreases.

What reactions are increased and decreased in flux span in response to deletion of these 6

genes? {"b0114", "b0723", "b0726", "b0767", "bl602", "bl702"} With reference to a
particular example, what is the biochemical interpretation of an increased flux span in response to
a gene deletion?

Hint: FluxVariability, hist

TIMING
2 hrs
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