Detecting Correlated Events in a Pathway by Phylogenetic Analysis
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Motivation and Background. Bacteria are noted for the metabolic diversity and the degree to which they exploit many niches.
This is done by fast evolution of their metabolic capabilities. The genomes of many closely related bacteria are now available.
This offers the possibility of tracing metabolic evolution on a phylogeny relating the genomes. Using simple (independent
loss/gain or reactions) or complex (incorporating dependencies among reactions) stochastic models of metabolic evolution, it is
possible to test if there are coordination between the evolution of different reactions. We will only use simple models in this
investigation.  The basic models were developed to detect coordinated evolution between a pair of traits for instance a
morphological trait and a nucleotide position in a series of recent papers (Huelsenbeck et al.,2003; Nielsen,2002). These models
can be adapted to the set of traits found consisting of all possible reactions and possible metabolic capabilities of a bacteria. The
main question is how to incorporate the network structure on the set of reactions. Just viewing all reactions as independent
would be uninteresting or not relate well to the biological problem.

Which questions could be asked by simple extensions of correlation analysis? Is there a tendency for neighbour reactions to be
coupled? Ie does the appearance of a reaction increase the likelihood of the appearance of a reaction neighboring and downhill
to it? That would be a reasonable expectation.

Similar dependency models have been analysed for sequences by Pedersen, Jensen, Hobolth, Siepel, Haussler and others. The
main novelty in the present model would be that the sequential structure has been changed into a graphical structure.

To the left is illustrated the evolution of a pair on one branch of a phylogeny. 00 is the starting configuation and 11 the ending configuration of the
pair. Simple techniques allow the calculation of the distribution of much time was spent in the four possible configurations [(0,0), (0,1), (1,0), (1,1)].
This can be compared with distribution of the being in these states but not conditioning on start and ending configuration. On a single branch this is
not very powerful, but on a large phylogeny the situation is different. One possible evolutionary trajectory is that 0,0 (two thin lines) evolved into 0,1
that evolved into 1,1 (two thick lines)

To the right a simple example shows a metabolic universe of 6 reactions and 4 are present (solid lines) in the metabolism now. Two edges are
neighbors if the output of one is the input node of the other. This gives us 15 possible pairs of reactions. Any pair can be tested for convergence. There
are 6 neighboring pairs.

It would be natural to expect that there would be positive selection for the appearance of a reaction, if there was a substrate for
it, created by another reaction. In the little metabolism above, the presence of “b” would be favoured if “a” was present.
Ideally, a model for the evolution of a complete network should be explored, but for the present purpose, we will not explore the
correlation of neighbor reactions with taking the “contagious dependence” were correlations are created between non-
neighboring reactions via a path of correlations between neighbors.  Ignoring “contagious dependence” will seriously reduce
the hardness of the problem and make much larger analysis feasible. We will call this the “independence heuristic” - IH. IH will

make reaction appear multiple times in the overall probability expression, as they can be neighbors via multiple reactions.

To the left is shown the presence (filled black circle) and absence (empty circle) configurations observed at the leaves of a tree. The question is: Is
there is a correlation in the evolution of the two. If they signified reaction “a” and b” above, then one could expect so. Clearly any test of correlation
would benefit from using a large number of observed metabolisms, ie a large phylogeny.

If three reactions all were neighbors through metabolite M, it would be of interest to investigate models for all three reactions simultaneously to
investigate if there were correlations to be explained beyond pairwise correlations.



To analyze correlation of k reactions around a metabolite, one would a model with 2" states. General form of rate matrix of
coupled reactions modelled — there will be several choices. If there are k coupled reactions, i of which are present, one could let
rate of gaining one be A+ie and the rate of loosing one be u-ie . Rates between states necessitate multiple events are zero.
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To illustrate the line of reasoning in modelling the correlated evolution of reaction bordering a common metabolite, three situations are shown. A
single isolated reaction. This will naturally be modelled by a death (u) and birth rate (A), irrespective of the reaction being reversible or irreversible. It
is easy to extend a single reaction to multiple reactions if the reactions are independent, however if is reasonable to assume reactions are correlated. If
the two reactions share one metabolite and both are reversible, it could be more likely that reaction is created if the neighboring reaction is present.
This is reflected in adding ¢ to a birth next to an existing reaction.

The probability of a set of reactions around a single metabolite (i), P;, can be calculated using Felsensteins’ algorithm (1981).
Calculating the lilkelihood of the complete set of metabolism could be done by the method described in Mithani, Preston and
Hein (2009). However, this method is hard to extend beyond a few metabolisms. A pseudolikelihood method has used that
ignores the dependencies can be defined as

P(metabolisms) = HR
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The proposed method could be applied to a large set of metabolisms. However, it is hard to get a large set of properly checked
metabolisms, but it would be possible to get a large set of predicted metabolisms from sequenced genomes. Unfortunately,
predicted metabolisms are subject to non-negligable error. It would be natural to model this by viewing the above models as
describing hidden variables (X — metabolisms), that can only be observed through Y, which at each reaction takes the proper
value with high probability, ie P(X;=Y;)=1-8.  This should have the added value that homologous information will be used to
guide towards the correct prediction of a metabolism for an organism.

Comment. i. Calculating the pseudolikelihood of a set of homologous metabolisms is clearly reminiscent of the use of
pseudolikeihoods in the hapmap project (Hudson, 2001).

ii. The name of this project file might not seem very informative about its content, but any reader of the Danish textbook on
Danish Grammar “Dceemonernes Port” by Erik Hansen will find it the title choice very rational.
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