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Introduction Metabolic Pathway Analysis

The emergence and evolution of metabolism, | | Metabolic pathway analysis is the calculation and analysis ot the pathway distribution of a steady-
its parts -metabolites and enzymes-, as well | | state metabolic network to gain insights about its structure, functionality and properties. The calcu-
as its properties on the network level, is an | | lation starts with the formation of the stoichiometric matrix presentation of the network and delivers

intriguing and still open question. We intro- | | the extreme pathways, spanning the entire steady state flux space, as the final result.
duce an improved metabolic pathway analysis O o fone potertial of
tool for the application in a simulated evolu- Reaction network model A

the reaction network

tion of metabolisms. During the evolutionary

process the tool is used to define a realistic se- _
. o . L Creation of Extreme
lection criteria -optimal metabolic yield- for the —+—QO OT oichi . A ,
tabolisms, leading to networks with proper- . 4 stolchiometric | S ), patway
meta , 1cadig pTop O O matrix 0o 1 . |& analysis
ties as observed in their real-world counterparts I kN —_ . . .. |5 e
(e.g. small world property). Further it is used to +—@- .\ O AN E e e
analyze less well understood properties of the O/ L
resulting networks, such as robustness or mod- L | flux Vs
ularity, to make predictions about their origin
and development. It can also be used as a stand- Generation of the convex polyhedral cone of the flux space through extreme pathway analysis [1]
alone tool for the enumeration of elementary
modes and the subsequent computation of min- Extreme Pathways are the set of essential pathways through which all other possible pathways ot
imal cut-sets, in a very memory efficient way. the metabolic network can be generated, they are also minimal in the sense that they do not consist

of smaller pathways.
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Initially, a population of cells containing a S ——> —t=> P S—+ A D—~+P S=—— —— P
genome and a metabolism are added to the \C/ \C/ \C/

simulation. Enzymes look for reactants, pro-

duce new metabolites and thus build up the Network with 2 Extreme Pathways Extreme Pathway 1 Extreme Pathway 2

metabolic reaction network. We calculate the set of extreme pathways with an improved binary Null-space approach. The com-

putation time of the existing approach is dependent on the row-ordering. We integrated a new way
to order the rows to reduce the number of candidate pathways.
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- iy < Minimal Knockout Sets

i i & Minimal knockout sets are sets of reactions that need to be removed in order to disable the function
f of a certain target reaction, this means that there may not be any extreme pathway containing this
. o gl target reaction.
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Selection is based on the optimal metabolic Original Network 15 — Atisa MKS 1A — Bjisno MKS {A— B,A— C}isaMKS

yield of an individual, which is derived from | | For the computation of the minimum knockout sets we implemented an improved depth-first
metabolic pathway analysis. version of Berge’s algorithm which avoids the costly superset removal.

Results (Simulation) Results (MPA + MKS)

Experiments (Robustness)
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metabolite-connectivities for groups of net- Random Sorted Greedy
works of different sizes. The connectivities Candidates (Original)

in our networks follow the power law as is Computation time in s (Original)
expected in real-world metabolisms. Looking
at the connectivity and generation time of
enzymes (table), we make the observation that
highly connected enzymes occur in the first
generations, later more specific enzymes enter,
compliant with the biological expectation.
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