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ABSTRACT

We developed Gramlin 2.0, a new multiple network aligner with (1) a new multi-stage
approach to local network alignment; (2) a novel scoring function that can use arbitrary
features of a multiple network alignment, such as protein deletions, protein duplications,
protein mutations, and interaction losses; (3) a parameter learning algorithm that uses a
training set of known network alignments to learn parameters for our scoring function and
thereby adapt it to any set of networks; and (4) an algorithm that uses our scoring function
to find approximate multiple network alignments in linear time. We tested Gramlin 2.0’s
accuracy on protein interaction networks from IntAct, DIP, and the Stanford Network
Database. We show that, on each of these datasets, Graemlin 2.0 has higher sensitivity and
specificity than existing network aligners. Graemlin 2.0 is available under the GNU public
license at http://graemlin.stanford.edu.
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1. INTRODUCTION

T HIS ARTICLE DESCRIBES Gremlin 2.0, a multiple network aligner with new multi-stage approach to local
alignment, a novel scoring function, a fully automatic algorithm that learns the scoring function’s
parameters, and an algorithm that uses the scoring function to align multiple networks in linear time. Gremlin
2.0 significantly increases accuracy when aligning protein interaction networks and aids network alignment
users by automatically adapting alignment algorithms to any network dataset.

Network alignment compares interaction networks of different species (Sharan and Ideker, 2006). An
interaction network contains nodes, which represent genes, proteins, or other molecules, as well as edges
between nodes, which represent interactions. Through network comparison, network alignment finds
conserved biological modules or pathways (Hartwell et al., 1999; Pereira-Leal et al., 2006). Because
conserved modules are usually functionally important, network alignment has received more attention as
interaction network datasets have grown (Uetz and Finley, 2005; Cusick et al., 2005).

Network alignment algorithms use a scoring function and a search algorithm. The scoring function
assigns a numerical value to network alignments—high values indicate conservation. The search algorithm
searches the set of possible network alignments for the highest scoring network alignment.
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Most network alignment research has focused on pairwise network alignment search algorithms. Path-
BLAST uses a randomized dynamic programming algorithm to find conserved pathways (Kelley et al.,
2003) and uses a greedy algorithm to find conserved protein complexes (Sharan et al., 2005a). MaWISh
formulates network alignment as a maximum weight induced subgraph problem (Koyuturk et al., 2006).
MetaPathwayHunter uses a graph matching algorithm to find inexact matches to a query pathway in a
network database (Pinter et al., 2005), and QNet exactly aligns query networks with bounded tree width
(Dost et al., 2007). Other network alignment algorithms use ideas behind Google’s PageRank algorithm
(Singh et al., 2007) or cast network alignment as an Integer Quadratic Programming problem (Zhenping
et al., 2007).

Several network aligners can perform multiple network alignment. NetworkBLAST extends PathBLAST
to align three species simultaneously (Sharan et al., 2005b). Gremlin uses progressive multiple alignment
to align more than 10 species at once (Flannick et al., 2006). A recent aligner, NetworkBLAST-M (Kalaev
et al., 2008), uses a novel representation of potential network alignments to perform efficient multiple
alignment without a progressive technique, but has running time exponential in the number of species
aligned.

Scoring function research has focused on various models of network evolution. MaWISh (Koyuturk et al.,
2006) scores alignments with a duplication-divergence model for protein evolution. Berg and Lassig (2006)
perform Bayesian network alignment and model network evolution with interaction gains and losses as well
as protein sequence divergences. Hirsh and Sharan (2007) model protein complex evolution with inter-
action gains and losses as well as protein duplications.

Despite these advances, network alignment tools still have several limitations. First, local alignment
tools conflate the problem of matching conserved nodes with the problem of grouping nodes into modules.
This makes the problem more difficult and makes it harder to apply established techniques from related
problems such as clustering.

Second, existing network alignment scoring functions cannot automatically adapt to multiple network
datasets. Because networks have different edge densities and noise levels, which depend on the experiments
or integration methods used to obtain the networks, parameters that align one set of networks accurately
might align another set of networks inaccurately.

Third, existing scoring functions use only sequence similarity, interaction conservation, and protein
duplications to compute scores. As scoring functions use additional features such as protein deletions and
paralog interaction conservation, parameters become harder to hand-tune.

Fourth, and finally, existing evolutionary scoring functions do not apply to multiple network alignment.
Existing multiple network aligners either have no evolutionary model (Sharan et al., 2005b), consider a
limited collection of properties in their scoring functions (Berg and Lssig, 2004; Dutkowski and Tiuryn,
2007), or use heuristic parameter choices with no evolutionary basis (Flannick et al., 2006).

In this article, we present Gremlin 2.0, an multiple network aligner that addresses these limitations. We
first outline a new multi-stage approach to local network alignment. We then describe a new network
alignment scoring function, an algorithm that uses a training set of known alignments to automatically learn
parameters for the scoring function, and an algorithm that uses the scoring function to perform approximate
network alignment in linear time. Finally, we present benchmarks of Gramlin 2.0 against existing network
aligners.

2. METHODS
2.1. Network alignment formulation

The input to multiple network alignment is d networks Gy, ..., G,. Each network represents a different
species and contains a set of nodes V; and a set of edges E; linking pairs of nodes. One common type of
network is a protein interaction network, in which nodes represent proteins and edges represent interac-
tions, either direct or indirect, between proteins.

A multiple network alignment is an equivalence relation a over the nodes V=V, U---UV,; An
equivalence relation is transitive and partitions V into a set of disjoint equivalence classes (Flannick et al.,
2006). A local alignment is a relation over a subset of the nodes in V; a global alignment (Singh et al.,
2007) is a relation over all nodes in V. Figure 1 shows an example of an alignment of four protein
interaction networks.
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FIG. 1. A network alignment is an equivalence relation. In this example, four protein interaction networks are inputs
to multiple network alignment. A network alignment partitions proteins into equivalence classes (indicated by boxes).

Network alignments have a biological interpretation (Flannick et al., 2006). Nodes in the same equiv-
alence class are functionally orthologous (Remm et al., 2001). The subset of nodes in a local alignment
represents a conserved module (Hartwell et al., 1999) or pathway.

A scoring function for network alignment is a map s : A — R, where A is the set of potential network
alignments of G, ...,Gy. The global network alignment problem is to find the highest-scoring global
network alignment. The traditional local network alignment problem is to find a set of maximally scoring
local network alignments. We define a different local network alignment problem: to find the highest-
scoring overall set of local network alignments.

2.2. Outline of approach

Gramlin 2.0 searches for local alignments of the input networks in three stages:

Stage 1: Global alignment. Gremlin 2.0 globally aligns the networks—this groups nodes into
equivalence classes. The global alignment scoring function computes evolutionary events and is trained on
a set of known global network alignments.

Stage 2: Disjoint local alignment. Grazmlin 2.0 segments the global alignment into a set of disjoint
local alignments—this groups equivalence classes into local alignments. The local alignment scoring
function measures local alignment connectivity and is trained on a set of known local network alignments.

Stage 3: Probabilistic assignment. Gramlin 2.0 assigns each node a probabilistic membership in each
local alignment—this allows equivalence classes to belong to multiple local alignments. Gramlin 2.0 casts
this stage as a supervised learning problem and uses a non-parametric Bayesian classifier.

Gramlin 2.0’s approach, illustrated in Figure 2, addresses several weaknesses of current local alignment
algorithms. First, Gremlin 2.0 performs each alignment stage separately; each stage is simpler to solve than
the entire local alignment problem at once.

Second, Gramlin 2.0 uses feature-based scoring functions that can use arbitrary features of a network
alignment. The global alignment scoring function computes evolutionary features that apply to multiple
alignment as well as pairwise alignment.

Third, and finally, Greemlin 2.0 learns parameters for its scoring functions from a set of known network
alignments. These parameters produce more accurate alignments than manually tuned scoring functions
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FIG. 2. Gramlin 2.0 performs local network alignment in three stages. In stage 1, Gramlin 2.0 globally aligns the
input set of networks. In stage 2, it segments the global alignment into a set of disjoint local alignments. In stage 3, it
assigns each node a probabilistic membership in each local alignment. Gremlin 2.0 learns scoring functions for the
global alignment phase and the disjoint local alignment phase from a training set of known alignments.

common in current algorithms. Gremlin 2.0 can automatically learn parameters to align any set of net-
works when given a suitable training set.

Because it searches for alignments in three separate stages, Gremlin 2.0 assumes that it can group nodes
into equivalence classes without regard to how it later groups the equivalence classes into local alignments.
Gramlin 2.0 therefore assigns two scores to each local alignment: the sum of equivalence class scores
determined in the global alignment stage, which measures conservation, and the local alignment score
determined in the local alignment stage, which measures connectivity of the nodes in the local alignment.
Existing local alignment algorithms produce only one score for each local alignment, which cannot dis-
tinguish highly conserved alignments from highly connected alignments.

2.3. Stage 1: Global alignment

The input to the global alignment stage is d networks. The output is a global alignment a; =
arg max,, c 4, S¢(a,), where A, is the set of potential global alignments of the networks and s, is a scoring
function for global network alignment. The global alignment stage therefore groups nodes into equivalence
classes.

Gramlin 2.0 hypothesizes that a node will not align to different nodes in different local alignments. It
can therefore determine the grouping of nodes into equivalence classes (Stage 1) before it determines the
grouping of equivalence classes into local alignments (Stage 2).

2.3.1. Scoring function. The global alignment scoring function computes ‘‘features” (Do et al.,
2006a,b) of a global network alignment. Formally, we define a vector-valued global alignment feature
function f : A, — R", which maps a global alignment to a numerical feature vector. More specifically, we
define a node feature function f¥ that maps equivalence classes to a feature vector and an edge feature
function £ that maps pairs of equivalence classes to a feature vector. We then define

PO R(E3))

[x]€a,

folag) = [ > PR, [v])] M

[x], [v]€a,
[xI#0y]
with the first sum over all equivalence classes in the alignment a, and the second sum over all pairs of
equivalence classes in a,.

Given a numerical parameter vector w,, the score of a global alignment a, is s.(a,) = W, - f, (a,). The
global alignment parameter learning problem is to find w,. We discuss Gremlin 2.0’s parameter learning
algorithm below.

The feature function isolates the biological meaning of network alignment. Gremlin 2.0’s learning and
alignment algorithms make no further biological assumptions. Furthermore, one can define a feature
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FIG. 3. Gremlin 2.0’s global alignment feature function computes evolutionary events. This figure shows the set of
evolutionary events that the node and edge feature functions compute. Gremlin 2.0 uses a phylogenetic tree with
branch lengths to determine the events. It first constructs species weight vectors at each internal node of the tree; the
weight vector represents the similarity of each extant species to the internal node. It then uses these weight vectors to
compute the likely evolutionary events (shown as black boxes) that occur; the Appendix gives precise definitions of
these events. Gremlin 2.0 combines the values of the events into a feature vector, and the score of the global alignment
is the dot product of a numeric weight vector with the feature vector.

function for any kind of network. Gramlin 2.0’s scoring function therefore applies to any set of networks,
regardless of the meaning of nodes and edges.

Implementation for protein interaction networks. Gramlin 2.0 uses a global alignment feature
function that computes evolutionary events. We first describe the feature function for the special case of
pairwise global network alignment (the alignment of two networks), and we then generalize the feature
function to multiple global network alignment. Figure 3 illustrates the evolutionary events that the feature
function computes.

The pairwise node feature function computes the occurrence of four evolutionary events between the
species in an equivalence class:

1. Protein deletion: the loss of a protein in one of the two species

2. Protein duplication: the duplication of a protein in one of the two species

3. Protein mutation: the divergence in sequence of two proteins in different species
4. Paralog mutation: the divergence in sequence of two proteins in the same species

The pairwise edge feature function computes the occurrence of two evolutionary events between the
species in a pair of equivalence classes:

1. Edge deletion: the loss of an interaction between two pairs of proteins in different species
2. Paralog edge deletion: the loss of an interaction between two pairs of proteins in the same species

The value of each event is one if the event occurs and zero if it does not. The entries in the feature vector
are the values of the events.

We take two steps to generalize these pairwise feature functions to multiple network alignment. First, we
use a phylogenetic tree to relate species and then sum pairwise feature functions over pairs of species
adjacent in the tree, including ancestral species. Second, we modify the feature functions to include
evolutionary distance.
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These pairwise feature functions generalize to ancestral species pairs. Gremlin 2.0 first computes species
weight vectors (Felsenstein, 1973) for each ancestral species. Each species weight vector contains nu-
merical weights that represent the similarity of each extant species to the ancestral species. Gremlin 2.0
uses these species weight vectors, together with the proteins in the equivalence class, to approximate the
ancestral proteins in the equivalence class. It then computes pairwise feature functions between the ap-
proximate ancestral proteins. The Appendix describes the exact procedure.

In addition, the pairwise feature functions generalize to include evolutionary distance. We augment the
feature function by introducing a new feature f; X b, where b is the distance between the species pair, for
each original feature f;. Effectively, this transformation allows features to have linear dependencies on b.
Additional terms such as f;xb?, f;xb?, ... have more complex dependencies on b.

The Appendix contains precise definitions of Gremlin 2.0’s global alignment feature function as well as
precise definitions of all evolutionary events.

2.3.2. Parameter learning algorithm

Inputs. Grazmlin 2.0’s algorithm to find w, requires a training set of known global alignments. The
training set is a collection of m training examples; each training example specifies a set of networks
{GD=GY, ...G} and their correct alignment al).

The parameter learning algorithm requires a loss function A : A, x A, — R™. By definition, A(aY, a,)
must be 0 when ag) =a, and positive when ag) # a, (Ratliff et al., 2007). Intuitively, A(ag), a,) measures
the distance of an alignment a, from the training alignment ag); the learned parameter vector should
therefore assign higher scores to alignments with smaller loss function values.

To train parameters for the global alignment feature function, we used a training set of KEGG Ortholog
(KO) groups (Kanehisa and Goto, 2000). Each training example contained the networks from a set of
species, with nodes removed that did not have a KO group. The correct global alignment contained an
equivalence class for each KO group.

We also defined a loss function that grows as alignments diverge from the correct alignment ag). More
specifically, let [x]ag) denote the equivalence class of x € V¥ = | J. Vj(’) in ag) and [x],, denote the equiv-
alence class of x in a,. We define A(aé,"), ag) = ervm |[x]ag \ [x]ag) |, where A \ B denotes the set difference
between A and B. This loss function is proportional to the number of nodes aligned in a,, that are not aligned
in the correct alignment a.

We experimented with the natural opposite of this loss function—the number of nodes aligned in the
correct global alignment ag) that are not aligned in a,. As expected, this alternate loss function resulted in a
scoring function that aligned more nodes. We found empirically, however, that the original loss function
was more accurate.

Theory. We pose parameter learning as a maximum margin structured learning problem. We find a
parameter vector that solves the following convex program (Ratliff et al., 2007):

oA s 1
min 3 [W,| +Z;é[

We,&psnlm
s.t.Vi,a € Ag), W, - fg(ag)) +&2w, - fo(ay) + A(ag),ag).

The constraints in this convex program encourage the learned w, to satisfy a set of conditions: each
training alignment a should score higher than all other global alignments a, by at least A(a’, ). The
slack variables ¢&; are penalties for each unsatisfied condition. The objective function is the sum of the
penalties with a regularization term that prevents overfitting. Given the low risk of overfitting the few free
parameters in our model, we set 1 =0 for convenience. In more complex models with richer feature sets,
overfitting can be substantially more severe when the amount of training data is limited; employing
effective regularization techniques in such cases is a topic for future research.

We can show (Ratliff et al., 2007) that this constrained convex program is equivalent to the uncon-
strained minimization problem

m

1 . ]
cw) = > Owp) + 5wl @)

i=1

where (W) = max, ¢ 40 (Wy - fo(ap) + Aay’, ap)) — W, - fo(a)).
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LEARN({GY)7 e G’f,i), af}m, + training set , v : learning rate , A : regularization )
1 var wg < 0 // the current parameter vector

2 wvar ¢, < 00 // a measure of progress

3 var w, < W, // the best parameter vector so far

4 while ¢, updated in last 100 iterations

5 do

6 var g < 0 // the current subgradient

7 var ¢ =0 // the current objective function

8 fori=1:m

9 do // sum over all training examples
10 var a” ALIGN(G() ..... G,(,i>,wg, A)
11 g—g Jrf_q(a* ) —f, ( i)) // update the subgradlent
12 c—c+wy-f ((1* )+A(a ,al) —wy-f,(al)) // update the margin
13 g — ig + /\Wg,(, — E( + )‘HWJH // add in regularization
14 if c < c,
15 then
16 Cy < C;W, = W, // update the best parameter vector so far
17 Wg < W, —ag // update current parameter vector

18 return w,

FIG. 4. Gramlin 2.0’s parameter learning algorithm.

This objective function is convex but nondifferentiable (Ratliff et al., 2007). We can therefore minimize
it with subgradient descent (Shor et al., 1985), an extension of gradient descent to nondifferentiable
objective functions.

A subgradient of equation (2) is as follows (Ratliff et al., 2007):

W+ — Z (fo(a? —fo(a))),

1*1

where a!? = arg max, c 40 We - fo(ag) + A(a(’) ag) is the optimal global alignment, determined by the loss
function A(ay’, a,) and current w,, of G,

Algorlthm Based on these ideas, the parameter learning algorithm performs subgradient descent. It
starts with w, = 0. Then, it iteratively computes the subgradient g of equation (2) at the current parameter
vector w, and updates w, < W, —og, where o is the learning rate. The algorithm stops when it performs
100 iterations that do not reduce the objective function. We set the learning rate to a small constant
(x=0.05).

The algorithm for finding arg max, (A0 We - fo(a,) + A(a(’) a,) is the global alignment inference algo-
rithm. It is a global alignment search algorlthm with a scoring function augmented by A. Below we present
an efficient approximate search algorithm that Greemlin 2.0 uses as an approximate inference algorithm.

The parameter learning algorithm has an intuitive interpretation. At each iteration, it uses the loss
function A and the current w, to compute the optimal global alignment. It then decreases the score of
features with higher values in the optimal alignment than in the training example and increases the score
of features with lower values in the optimal alignment than in the training example. Figure 4 shows the
parameter learning algorithm.

This parameter learning algorithm has performance guarantees. If the inference algorithm is exact, and if
the learning rate is constant, the learning algorithm converges at a linear rate to a small region surrounding
the optimal w, (Nedic and Bertsekas, 2000; Ratliff et al., 2007). A bound on convergence with an
approximate inference algorithm is a topic for further research.

2.4. Global alignment search algorithm

Grazmlin 2.0’s global alignment search algorithm produces a global alignment a, of a set of input
networks. Its goal is to maximize s,(a,).

The search algorithm (Fig. 5) serves two roles. It finds the highest scoring global alignment given an
optimal learned parameter vector, and it performs inference as part of the parameter learning algorithm.

The search algorithm is a local hillclimbing algorithm (Russell and Norvig, 2003). The algorithm is
approximate but efficient in practice. It requires that the global alignment feature function decompose into
node and edge feature functions as in equation (1).
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ALIGN(GY, ..., Gy set of networks , w, : parameter vector , A : optional loss function )
1 wvar a, « an alignment with one equivalence class per node
2 while true
3 do
4 var 0; =0 // the total change in score of this iteration
5 for each node p € U; G;
6 do
7 var §* «— (0 // best score
8 var o* « undef // best move
9 for each move o of node p
10 do
11 var a; < o(ay) // alignment after move o
12 0 —wy-fy(a) + Alay) — (wy - fy(ay) + Alay)) // change in score after move o
13 if 6 > o*
14 then
15 0* = d;0" =0 // new best move
16 ag < 0*(ag) // do best move on alignment
17 0y «— 0; + 0" // update total change in score of this iteration
18 if 6, =0
19 then break

20 return a,

FIG. 5. Grazmlin 2.0’s global alignment search algorithm.

The search algorithm iteratively performs updates of a current alignment. The initial alignment contains
every node in a separate equivalence class. The algorithm then proceeds in a series of iterations. During
each iteration, it processes each node and evaluates a series of moves for each node:

* Maintain the node in its current equivalence class.

* Create a new equivalence class with only the node.

* Move the node to another equivalence class.

* Merge the entire equivalence class of the node with another equivalence class.

For each move, Gremlin 2.0 computes the alignment score before and after the move and performs the
move that increases the score the most. Once it has processed each node, the algorithm begins a new
iteration. It stops when an iteration does not increase the alignment score.

The global alignment search algorithm also performs inference for the parameter learning algorithm. It
can use any scoring function that decomposes as in equation (1). Therefore, to perform inference, we need
only augment the scoring function with a loss function A that also decomposes into node and edge feature
functions. The loss function presented above has this property.

The performance of the search algorithm depends on the set of candidate equivalence classes to which
processed nodes can move. As a heuristic, it considers as candidates only equivalence classes with a node
that has homology (BLAST [Altschul et al., 1997] e-value < 107 ) to the processed node.

The performance of the search algorithm also depends on the order in which it processes nodes. As a
heuristic, it uses node scores—the scoring function with the edge feature function set to zero—to order
nodes. For each node, Gremlin 2.0 computes the node score change when it moves the node to each
candidate equivalence class. It saves the maximum node score change for each node and then considers
nodes in order of decreasing maximum node score change.

In practice, the global alignment search algorithm runs in linear time. To align networks with n total
nodes and m total edges, it performs b, iterations that each process n nodes. For each node, Gramlin 2.0
computes the change in score when it moves the node to, on average, C candidate classes. Because the
global alignment feature function decomposes as in equation (1), to perform each score computation
Graemlin 2.0 needs only to examine the candidate class, the node’s old class, and the two classes’
neighbors. The running time of the search algorithm is therefore O(b;C(n 4 m)). Empirically, b; is usually a
small constant (less than 10). While C can be large, the algorithm runs faster if it only considers candidate
classes with high homology to the processed node (BLAST e-value < 107°))

2.5. Stage 2: Disjoint local alignment

The input to Greemlin 2.0’s disjoint local alignment stage is a global alignment a,. The output is a set of
disjoint local alignments Aj = arg max,, A Si(Ay); here, Ay(ay) is the set of possible partitions of a;’s
trg
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FIG. 6. Gramlin 2.0’s local alignment feature function computes features of a local alignment. This figure shows the
features that the local alignment feature function computes as well as values of the features for a sample alignment.
Graemlin 2.0 combines the values of the features into a feature vector, and the score of the local alignment is the dot
product of a numeric weight vector with the feature vector.

equivalence classes into disjoint local alignments, and S, is a scoring function for a set of local alignments.
To allow for nodes that do not belong to any local alignments, Gremlin 2.0 allows local alignments to
consist of only one equivalence class. The disjoint local alignment stage therefore groups equivalence
classes, which are determined in the global alignment stage, into local alignments.

Gramlin 2.0 searches for the set of local alignments of maximum total score. This search contrasts with
the traditional search for a set of maximally scoring alignments, or A} = {ay : s¢(a¢) is maximal }, where s,
is a scoring function for a single local alignment.

Because it maximizes the total score of all local alignments, Gremlin 2.0 can consider properties of the
entire collection of local alignments. For example, it can measure the degree of overlap between local
alignments and therefore avoid the heavily overlapping alignments that traditional local aligners produce.
In addition, Gremlin 2.0 can add a node to a local alignment even if the node is weakly connected to the
local alignment, provided that the node clearly does not belong to any other local alignment.

The disjoint local alignment stage is similar to the traditional clustering problem (Hastie et al., 2001).
Grazmlin 2.0 can in fact use any clustering algorithm in its disjoint local alignment stage. However, while
clustering algorithms can use simple distance metrics for pairwise alignment of networks with single
node and edge types, it becomes hard to define robust distance metrics for complex networks with multiple
node or edge types (Srinivasan et al., 2007; Kuhn et al., 2007; Sahoo et al., 2007). Below, we present an
algorithm that can use arbitrary features of a set of local alignments and generalizes to align complex
networks.

2.5.1. Scoring function. Graemlin 2.0’s local alignment scoring function uses the same principles as
its global alignment scoring function. We therefore outline only the main differences between the global
and local alignment scoring functions.

A local alignment feature function f, maps a local alignment to a numerical feature vector. Given a
numerical parameter vector wy, the score of a local alignment a, is sy/(a,) = W - fi(ay).

The score of a set of local alignments A, is then Sy(Ay)= ZmeA( se(ap) = ZWGA[ wy - fo(ag) =wy-
ZWG 4, felar) = wy - Fy(Ay), where Fy(A,) is the sum of the feature vectors of the local alignments in A,.
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Implementation for protein interaction networks. Grazmlin 2.0 uses a local alignment feature
function that computes the degree of connectivity between equivalence classes in a local alignment. It
computes six features, illustrated in Figure 6:

. Edge present: the number of edges between nodes

. Edge absent: the number of missing edges between nodes

. Edge weight sum: the sum of the weights of edges between nodes

. Edge weight squared sum: the sum of the squared weights of edges between nodes

. Closest neighbor: the number of nodes in the alignment with a nearest neighbor (the neighbor in the network of
maximum edge weight) also in the alignment

6. Species non-overlap: the number of equivalence class pairs that do not have a species in common

| O R S

These features measure three types of local alignment connectivity. The first four features measure the
average edge weight between nodes in the alignment. The fifth feature allows the scoring function to tolerate
weakly connected alignments if many nodes are paired with their nearest neighbors. The final feature accounts
for equivalence class pairs that the first five features ignore—equivalence class pairs with disjoint sets of
species lack the potential to interact and are distinct from pairs that have the potential to interact but do not.

We chose these features after examining local alignments in our training set that existing aligners do not
find. We experimented with other features that did not depend on network edges, including the size of the
alignment and amount of synteny present in the alignment, but found that the edge-based features played by
far the largest role in the scoring function. As networks incorporate multiple data types and become more
accurate, other features will likely become more important.

2.5.2. Parameter learning algorithm. The parameter learning algorithm in Figure 4 applies to both
the global and local alignment scoring functions. The only differences between the global and local
alignment parameter learning algorithms are the form of the training set, the definition of the loss function,
and the definition of the inference algorithm.

To train parameters for the local alignment feature function, we used a training set of KEGG pathways.
Each training example contained the networks from a set of species and a correct global alignment with an
equivalence class for each KO group. The correct set of local alignments contained a local alignment for
each KEGG pathway.

In addition, we set the loss function to a constant value. We experimented with a loss function analogous
to that used in the global alignment parameter learning algorithm, but we found such a loss function
computationally prohibitive.

The local alignment inference algorithm is a local alignment search algorithm with a scoring function
augmented by the loss function. Below we present an approximate local alignment search algorithm that
Grazmlin 2.0 uses as an approximate inference algorithm.

2.5.3. Disjoint local alignment search algorithm. Gremlin 2.0’s disjoint local alignment search
algorithm segments the equivalence classes in a global alignment g, into a disjoint set of local alignments
Ay. Its goal is to maximize the total score Sy(Ay).

As it does for global alignment, Gramlin 2.0 uses a local hillclimbing method for disjoint local align-
ment. The algorithm begins with an initial set of alignments in which every equivalence class is in a
separate local alignment. Then, it performs a series of iterations, each of which processes each equivalence
class in turn. Gremlin 2.0 computes the change in score resulting from moving the equivalence class to any
other local alignment, and performs the move that increases the score the most. It stops when it performs a
iteration that does not increase the score.

In practice, the local alignment search algorithm runs in linear time. To segment a global alignment of
networks with n total nodes and m total edges, it performs b, iterations, each of which processes at most n
equivalence classes. With suitable caching (technical details omitted), Gremlin 2.0 must only examine the
edges incident to an equivalence class to compute the change in score resulting from moving the equiv-
alence class to each alignment. The total running time of the algorithm is therefore O(b, %X (n + m)); because
b, is usually a small constant (less than 10), it is efficient in practice.

The local alignment algorithm is relatively simple compared to other existing local alignment algorithms.
However, we show in the Results (Section 3) that Gramlin 2.0 produces accurate local alignments, mainly
because it uses an accurate scoring function.
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FIG. 7. Gremlin 2.0 assigns probabilistic membership in local alignments. For each equivalence class [x] and each
local alignment a,, Gremlin 2.0 computes the change in score that results when it adds [x] to a,. Intuitively, the
probability that [x] belongs to a, is high if the change in score when Graemlin 2.0 adds [x] to a, is high relative to the
change in score when it adds other nodes to ay.

2.6. Stage 3: Probabilistic assignment

The input to Greemlin 2.0’s probabilistic assignment stage is a set of disjoint local alignments Aj. The
output, for each local alignment a, and each equivalence class [x] in the global alignment, is the probability
that [x] belongs to ay.

Gramlin 2.0 uses these probabilities to obtain the final set of local alignments. To each local alignment
a; in A7, it adds all equivalence classes that belong a, with probability greater than a user-specified
threshold. Lower thresholds yield larger but less accurate local alignments.

Gramlin 2.0 uses a supervised learning algorithm to compute probabilities, with the set of disjoint local
alignments as a training set. It bases the probability that an equivalence class [x] belongs to a local
alignment a, on d,,([x]) = s¢(ae |J [x]) — se(ar \ [x]), the difference between the score of a, with [x] and the
score of a, without [x]. Figure 7 illustrates the idea.

In detail, the algorithm first builds a separate Bayesian classifier for each disjoint local alignment. It
computes three statistics for each equivalence class [x] and each local alignment a,:

* Pr([x]eay), the prior probability that [x] is in a,
* Pr(d,,([x])|[x] € ar), the conditional distribution of d,, given that [x] is in a,
* Pr(d,,([x])|[x] & ay), the conditional distribution of d,, given that [x] is not in a,

The algorithm then uses Bayes’s rule to assign [x] to a, with probability

Pr(8,,([xD|[x] € an)Pr([x] € ar)
Pr(dq,([x)

Pr([x] € a¢|d4,([x]) = 3

where

Pr(8,,([x1)) = Pr(d,([x]) | [x] € a0) Pr([x] € ar) +
Pr(d4,([x]) | [x] & ao) Pr([x] & ar)

Grazmlin 2.0 estimates Pr([x] € ay) as the ratio of the number of equivalence classes in a, to the total
number of equivalence classes in all local alignments.

Graemlin 2.0 estimates the two conditional distributions using kernel density estimation (Duda et al.,
2000). For samples from Pr(d,,([x]) | [x] € av), it uses the values for the equivalence classes already in a,.
For samples from Pr(d,,([x]) | [x] € ay), it uses the values for the equivalence classes not already in a,. For
each estimation, it uses a Gaussian kernel, with bandwidth chosen by Silverman’s “rule of thumb”
(Silverman, 1986).
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3. RESULTS
3.1. Accuracy benchmarks

We performed two sets of benchmarks. The first measured the accuracy of the equivalence class
groupings found in the global alignment stage. The second measured the overall accuracy of Gremlin 2.0’s
local alignments.

3.1.1. Equivalence class accuracy comparisons. Experimental setup. We tested equivalence
class accuracy on three different network datasets: IntAct (Kerrien et al., 2007), DIP (Xenarios et al., 2002),
and the Stanford Network Database (Srinivasan et al., 2006) (SNDB). We ran pairwise alignments of the
human and mouse IntAct networks, yeast and fly DIP networks, Escherichia coli K12 and Salmonella
typhimurium LT2 SNDB networks, and E. coli and Caulobacter crescentus SNDB networks. We also ran
a three-way alignment of the yeast, worm, and fly DIP networks, and a six-way alignment of E. coli,
S. typhimurium, Vibrio cholerae, Campylobacter jejuni NCTC 11168, Helicobacter pylori 26695, and
C. crescentus SNDB networks.

We used KO groups (Kanehisa and Goto, 2000) for our equivalence class comparison metrics. To
compute each metric, we first removed all nodes in the alignment without a KO group, and we then
removed all equivalence classes with only one node. We then defined an equivalence class as correct if
every node in it had the same KO group.

To measure specificity, we computed two metrics:

1. the fraction of equivalence classes that were correct (C,,)
2. the fraction of nodes that were in correct equivalence classes (C,oqe)

To measure sensitivity, we computed two metrics:

1. the total number of nodes that were in correct equivalence classes (Cor)
2. the total number of equivalence classes that contained k species, for k=2, ...,n

We used cross-validation to test Graemlin 2.0. For each set of networks, we partitioned the KO groups
into ten equal sized test sets. For each test set, we trained Gremlin 2.0 on the KO groups not in the test set
as described in the Methods section. We then aligned the networks and computed our metrics on only the
KO groups in the test set. Our final numbers for a set of networks were the average of our metrics over the
ten test sets.

To limit biases from the averaging process we used cross validation to test all aligners. For aligners other
than Greemlin 2.0, we aligned the networks only one time. However, we did not compute our metrics on all
KO groups at once; instead, we computed our metrics separately for each test set and then averaged the
numbers.

As a final check that our test and training sets were independent, we computed similar metrics using
Gene Ontology (GO) categories (Ashburner et al., 2000; Sharan et al., 2005b) instead of KO groups. We do
not report the results of these tests because they are similar to the results of our tests on KO groups.

We compared Gremlin 2.0 to the local aligners NetworkBLAST (Sharan et al., 2005b), MaWISh
(Koyuturk et al., 2006), and Graemlin (Flannick et al., 2006), as well as the global aligner ISORANK (Singh
et al., 2007) and a global aligner (Gremlin-global) that used Graemlin 2.0’s global alignment search
algorithm with Gremlin’s scoring function.

While we simultaneously compared Gremlin 2.0 to ISORANK and Gremlin-global, we compared
Graemlin 2.0 to each local aligner separately. According to our definitions, local aligners may have lower
sensitivity than global aligners simply because local aligners only align nodes that belong to conserved
modules while global aligners align all nodes. Therefore, for each comparison to a local aligner, we removed
all equivalence classes in Gremlin 2.0’s output that did not contain a node in the local aligner’s output.

Performance comparisons. Table 1 shows that, with respect to the alignment of proteins, Gremlin 2.0
is the most specific aligner. Across all datasets, it produces both the highest fraction of correct equivalence
classes as well as the highest fraction of nodes in correct equivalence classes.

Table 2 shows that, with respect to the alignment of proteins, Gremlin 2.0 is also the most sensitive
aligner. In the SNDB pairwise alignments, Gramlin 2.0 and ISORANK produce the most number of nodes in
correct equivalence classes. In the other tests, Gremlin 2.0 produces the most number of nodes in correct
equivalence classes.
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TABLE 1. GRZMLIN 2.0 ALIGNS NODES WITH HIGHER SPECIFICITY
Average equivalence class consistency
SNDB IntAct DIP
eco/stm eco/cce 6-way hsa/mmu sce/dme 3-way
Ceq Cnade Ceq Cnode Ceq Cm)de Ceq Cnude Ceq Cnode Ceq Crwde
Local aligner comparisons
NB 0.77 0.45 0.78 0.50 — — 0.33 0.06 0.39 0.14 — —
Gr2.0 0.95 0.94 0.79 0.78 — — 0.83 0.81 0.58 0.58 — —
MW 0.84 0.64 0.77 0.54 — — 0.59 0.36 0.45 0.37 — —
Gr2.0 0.97 0.96 0.77 0.76 — — 0.88 0.86 0.90 0.91 — —
Gr 0.80 0.77 0.69 0.64 0.76 0.67 0.59 0.53 0.33 0.29 0.23 0.15
Gr2.0 0.96 0.95 0.82 0.81 0.86 0.85 0.86 0.84 0.61 0.61 0.57 0.57
Global aligner comparisons
GrG 0.86 0.86 0.72 0.72 0.80 0.81 0.64 0.64 0.68 0.68 0.71 0.71
Iso 0.91 0.91 0.65 0.65 — — 0.62 0.62 0.63 0.63 — —
Gr2.0 0.96 0.96 0.78 0.78 0.87 0.87 0.81 0.80 0.73 0.73 0.76 0.76

We measured the fraction of correct equivalence classes (C,,) and the fraction of nodes in correct equivalence classes (C,oqe), as
described in the text. We compared Graemlin 2.0 (Gr2.0) to NetworkBLAST (NB), MaWISh (MW), Gremlin (Gr), IsoRANK (Is0), and
a global aligner that used Gramlin 2.0’s alignment search algorithm with Gremlin’s scoring function (GrG). As described in the text,
we ran four pairwise alignments, a three-way alignment, and a six-way alignment. For each comparison between Gremlin 2.0 and a
local aligner, we removed equivalence classes from Gremlin 2.0’s output that did not contain a node in the local aligner’s output;
Table 2 shows the number of remaining nodes for each aligner. MaWISh and ISORANK are not multiple aligners; NetworkBLAST can
align only up to three species and aborted on the three-way alignment.

eco, E. coli; stm, S. typhimurium; cce, C. crescentus; hsa, human; mmu, mouse; sce, yeast; dme, fly.

Figure 8 shows that Gremlin 2.0 also finds more cross-species conservation than Gremlin and Gremlin-
global. Relative to Grazmlin and Gremlin-global, Gremlin 2.0 produces two to five times as many
equivalence classes with four, five, and six species.

We performed our tests on a 2.2-GHz machine with 4 GB of RAM. For each pairwise alignment,
Graemlin 2.0, MaWISh, Gremlin, and Gramlin-global ran in less than a minute, while ISORANK and

TABLE 2. GRZMLIN 2.0 ALIGNS NODES WITH HIGHER SENSITIVITY

Number of nodes in correct equivalence classes

SNDB IntAct DIP
eco/stm eco/cce 6-way hsa/mmu sce/dme 3- way
Cor Tot Cor Tot Cor Tot Cor Tot Cor Tot Cor Tot
Local aligner comparisons
NB 457 1016 346 697 — — 65 1010 43 306 — —
Gr2.0 627 447 — 258 155 —
MW 1309 2050 458 841 — — 87 241 10 27 — —
Gr2.0 1611 553 — 181 20 —
Gr 985 1286 546 847 1524 2287 108 203 35 122 27 180
Gr2.0 1157 608 2216 151 75 86
Global aligner comparisons
GrG 1496 720 2388 268 384 546
Iso 2026 — 1014 — — — 306 — 534 — — —
Gr2.0 2024 1012 3578 350 637 827

We measured the number of nodes in correct equivalence classes (Cor), as described in the text. To show the number of nodes
considered in each local aligner comparison, we also measured the number of nodes aligned by each local aligner (Tot). Methodology
and abbreviations are the same as in Table 1.
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FIG. 8. Grazmlin 2.0 finds more cross-species conservation. We counted the number of equivalence classes that
contained k species for k=2, 3, 4, 5, 6 as described in the text. We compared Gremlin 2.0 (Gr2.0) to Gremlin (Gr) and
a global aligner (GrG) that used Gremlin 2.0’s alignment search algorithm with Gramlin’s scoring function. We ran
the six-way alignment described in the text.

NetworkBLAST each ran for over an hour. For each pairwise alignment training run, Greemlin 2.0 ran for
under 10 minutes. On the six-way alignment, Graemlin 2.0, Gremlin, and Gramlin-global each ran for
under 3 minutes, and Graemlin 2.0 trained in under 45 minutes.

3.1.2. Local alignment accuracy comparisons. Experimental setup. We tested local alignment
accuracy on DIP and SNDB (the IntAct networks produced local alignments too small for meaning-
ful comparisons). We ran pairwise alignments of the yeast and fly DIP networks and the E. coli and
C. crescentus SNDB networks, and we ran a six-way alignment of the E. coli, S. typhimurium, V. cholerae,
C. jejuni, H. pylori, and C. crescentus SNDB networks.

We used KEGG pathways (Kanehisa and Goto, 2000) for our local alignment comparison metrics. To
compute each metric, we first removed all nodes in the alignment not assigned to a KEGG pathway, and we
then removed all local alignments with only one equivalence class. For each local alignment, we defined
the closest KEGG as the KEGG pathway that overlapped the local alignment the most. For each KEGG
pathway, we defined the closest alignment as the local alignment that overlapped the KEGG pathway the
most.

To measure specificity and sensitivity, we computed two metrics:

1. the average, over all local alignments, of the fraction of nodes in the alignment that were also in the closest
KEGG (Spec)

2. the average, over all KEGG pathways, of the fraction of nodes in the KEGG pathway that were also in the closest
alignment (Sens)

Intuitively, the closest KEGG and closest alignment concepts attempt to find the best match between
KEGG pathways and local alignments. Our specificity metric (Spec) measures the degree to which each
local alignment contains only nodes that belong to a single KEGG pathway, and our sensitivity metric
(Sens) measures the degree to which each KEGG pathway appears in a single local alignment.

We also computed benchmarks for local alignment accuracy used in the past (Flannick et al., 2006),
which count the number of KEGG pathways overlapped by a local alignment. However, Gremlin 2.0 by
nature will produce alignments that overlap more KEGG pathways because it includes every node in its set
of local alignments while the other local aligners include only some nodes in their sets of local alignments.
We found that our sensitivity metric was less biased in favor of Gremlin 2.0.
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TABLE 3. GRZMLIN 2.0 GROUPS NODES INTO MODULES WITH HIGHER ACCURACY

Accuracy of local alignments

SNDB DIP
eco/cce 6-way sce/dme
Sens Spec Sens Spec Sens Spec
NetworkBLAST 0.33 0.64 — — 0.14 0.52
Ma WISh 0.22 0.80 — — 0.12 0.71
Gremlin 0.26 0.79 0.17 0.73 0.13 0.65
Graemlin 2.0 0.33 0.78 0.32 0.71 0.21 0.72

As described in the text, we measured the sensitivity (Sens) and specificity (Spec) of local alignments produced by Gramlin 2.0,
NetworkBLAST, MaWISh, and Graemlin on the DIP and the Stanford Network Database network datasets. Abbreviations are the same
as in Table 1.

As we did with the tests of equivalence class accuracy, we used cross-validation to test Gremlin 2.0. For
each set of networks, we partitioned the KEGG pathways into ten equal sized test sets. For each test set, we
trained Graemlin 2.0 on the KEGG pathways not in the test set. We then aligned the networks and computed
our metrics on only the KEGG pathways groups in the test set. Our final numbers for a set of networks were
the average of our metrics over the ten test sets. We applied this procedure to all tested aligners to limit
biases arising from the averaging process.

We also ran tests using various levels of the GO hierarchy in place of KEGG pathways. We omit the
results for brevity, because they were very similar to those we obtained with KEGG pathways.

We compared Gremlin 2.0 to NetworkBLAST (Sharan et al., 2005b), MaWISh (Koyuturk et al.,
2006), and Graemlin (Flannick et al., 2006). We used a threshold of 0.9 to obtain Gremlin 2.0’s final set
of local alignments from the results of its probabilistic assignment stage. Lower thresholds yielded a
sensitivity/specificity trade-off as expected, but we found the loss in specificity to outweigh the increase
in sensitivity.

Performance comparisons. Table 3 shows that, with respect to the grouping of proteins into modules,
Gremlin 2.0 is significantly more sensitive than existing aligners and still maintains high specificity.
Graemlin 2.0’s sensitivity increase is due in part to its ability to find weakly conserved and sparsely
connected modules, two of which we discuss below.

All local aligners ran in under 10 minutes, except for NetworkBLAST, which ran in a few hours.
Training runs for Greemlin 2.0 took less than 5 hours, although parameters nearly reached their final values
within the first hour.

3.2. Sample alignments

In this section, we give examples of conserved modules that Gremlin 2.0 finds but existing aligners miss.
We focus on these weakly conserved modules to illustrate Graemlin 2.0’s performance advantages; all
aligners find highly conserved modules. In addition, we give examples of the multiple alignment mem-
berships that Gremlin 2.0’s probabilistic assignment stage produces.

Figure 9A shows an alignment of part of the module for glutathione metabolism in E. coli and
C. crescentus. The alignment is weakly connected and edges are weakly conserved, which causes aligners
like MaWISh and Grazmlin that search for only very highly conserved protein complexes to miss it.
Graemlin 2.0 finds this module because it learns from examples in its training set that many modules are
weakly conserved and weakly connected. Furthermore, because it searches for the entire set of local
alignments at once, Gramlin 2.0 adds the weakly connected nodes to the alignment when it determines that
they belong to no other high scoring alignments.

Figure 9B shows an alignment of a portion of RNA polymerase in yeast and fly. While the module
has stronger connectivity than that in Figure 9A, edge conservation is still weak, with edges present
predominantly in yeast and all but absent in fly. In addition, several fly nodes are missing from the
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FIG. 9. Gremlin 2.0 finds more complete functional modules. This figure shows two local alignments that Gramlin
2.0 finds. Gremlin 2.0 is more sensitive than existing network aligners, in part because it learns parameters on a training
set with weakly conserved and sparsely connected modules. (A) Gremlin 2.0 tolerates weak connectivity in a local
alignment of nodes involved in glutathione metabolism (blue, E. coli; green, C. crescentus). (B) Gremlin 2.0 finds a
weakly conserved but highly connected local alignment of part of the RNA polymerase complex (red, yeast; gold, fly).

alignment (orthologs of P34087 and P41896) or from the network entirely (orthologs of Q06834, P27999,
and P20434). Gremlin 2.0 recognizes the alignment as weakly conserved but highly connected because it
uses separate scoring functions for global and local alignment.

Gramlin 2.0’s probabilistic assignment algorithm reveals additional members of conserved modules and
also finds clear connections between separate modules. Figure 10A shows an alignment of part of the
chemotaxis module in C. crescentus and E. coli. In the set of disjoint alignments, half of the module is

Fatty acid
biosynthesis

FIG. 10. Probabilistic assignment expands and clarifies functional modules. This figures shows two alignments aug-
mented by Gremlin 2.0’s probabilistic assignment. Nodes with lower membership probabilities are shaded with fainter
colors; black lines show the presence of one or more edges between a pair of equivalence classes. (A) Gramlin 2.0
identifies proteins in the chemotaxis module, but which are more strongly connected to the flagellum module, as members
of both modules during the probabilistic assignment stage. (B) Gremlin 2.0 identifies two connected but distinct pathways
for aminoacyl-tRNA biosynthesis and fatty acid biosynthesis during the probabilistic assignment stage.
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included in an alignment of the flagellum module instead. When Gramlin 2.0 assigns each node multiple
probabilistic memberships, it places the remaining chemotaxis nodes into the alignment of the chemotaxis
module. However, the chemotaxis nodes originally included in the flagellum alignment receive a relatively
low probability of membership in the chemotaxis alignment, indicating their relatively strong connection to
the flagellum module.

Figure 10B shows parts of the modules for aminoacyl-tRNA biosynthesis and fatty acid biosynthesis. In
the original set of disjoint alignments, Gremlin 2.0 places nodes from the two modules into separate
alignments. However, the probabilistic assignment stage combines the two modules into one alignment.
The nodes in the aminoacyl-tRNA biosynthesis module have a relatively low probability of membership in
the fatty acid biosynthesis alignment, which indicates that the modules are distinct.

4. DISCUSSION

In this article, we presented Gremlin 2.0, a multiple network aligner with a multi-stage approach to local
network alignment, new feature-based scoring functions for global and local network alignment, an al-
gorithm that automatically learns parameters for the scoring functions, and algorithms that use the scoring
functions to approximately align multiple networks in linear time. We implemented Gramlin 2.0 for
protein interaction network alignment and showed that it has higher accuracy than existing network
alignment algorithms across multiple network datasets.

Graemlin 2.0 allows users to easily apply network alignment to their network dataset. Its learning
algorithm automatically learns parameters specific to any set of networks. In contrast, existing alignment
algorithms require manual recalibration to adjust parameters to different datasets.

In particular, Greemlin 2.0 can in principle learn parameters that account for noisy networks. More false
positive or false negative interactions in a network will lead to a training set with fewer conserved edges
and fewer edges between functionally linked proteins. In such networks, Gremlin 2.0 will learn lower
weights for its edge features relative to its node features. For example, as expected in light of recent doubts
about the accuracy of literature-curated and experimentally derived networks (Srinivasan et al., 2006;
Cusick et al., 2009), Gremlin 2.0 assigns a relatively low weight to the edge deletion feature when trained
on networks in DIP and IntAct. In contrast, it assigns a higher weight to the edge deletion feature when
trained on networks in the Stanford Network Database, which past studies have shown to more accurately
recapitulate known functional linkages (Srinivasan et al., 2006). A complete study of the performance of
Grazmlin 2.0 on networks with different noise levels, as well as the inclusion into its feature function of
features that more explicitly measure network noise, is a topic for further research.

Gramlin 2.0 also extends in principle beyond protein interaction network alignment. As more experi-
mental data gathers and network integration algorithms improve, network datasets with multiple data types
will appear (Srinivasan et al., 2007), such as networks with interactions between proteins and DNA (Zhang et
al., 2005; Tan et al., 2007), networks with physical as well as genetic interactions (Kelley and Ideker, 2005;
Ulitsky et al., 2008), expression networks with boolean edges (Sahoo et al., 2007), and metabolic networks
with chemical compounds (Kuhn et al., 2007). With future work to redefine Graemlin 2.0’s feature functions,
its scoring function and parameter learning algorithm will apply to these kinds of networks.

Several future research directions might further improve the performance of Gremlin 2.0. While its
scoring function for global alignment models node and edge evolution (Flannick et al., 2008), its scoring
function for disjoint local alignment does not model module evolution. Features such as module *“cohe-
sion” (Campillos et al., 2006) may improve the local alignment scoring function. In addition, future work
might combine the ideas behind some of the more sophisticated search algorithms proposed recently (Singh
et al., 2007; Zhenping et al., 2007) with Gremlin 2.0’s accurate scoring function.

5. APPENDIX
A. Global alignment feature function definition

This section presents precise definitions of Gremlin 2.0’s global alignment feature function and the
evolutionary events that the feature function computes. The feature function for local alignment uses the
same principles.
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We define evolutionary events for possibly ancestral species. We assume that we have n extant species
1, ...,n and m ancestral species n+ 1, ...,n+m," all related by a phylogenetic tree.

Each species i € [1: n+m] is represented by a species weight vector s’ € R", where Z o s =1 and s
represents the similarity of species j € [1: n] to species i. We can use a phylogenetic tree to compute the
weight vectors efficiently (Felsenstein, 1973; Altschul et al., 1989). Each extant species j € [1: n] has a
species weight vector [s) =0, s’ =0, s’ = l,sﬁ+1 =0,...,5 fO].

We denote an equivalence class [x] as a set of proteins szl H , where H,[.x] is the projection of [x] to
species i.

A.1. Node feature function. We compute the node feature function f" for an equivalence class [x] as
follows. First, we compute events for species r, the species at the phylogenetic tree root.
Protein present. We define p € R" as p;=1 if Hl[x] # (J and 0 otherwise.

o fN=¢"-p is the probability that species r has a protein in [x].
. fZN =1—¢s"-p is the probability that species r does not have a protein in [x].

Protein count. We define ¢ € R", as ¢; =

that species i has in [x].

o /N =< is the expected number of proteins species r has in [x], given that r has a protein.
. =gy
4 3

The protein present and protein count features describe the most recent common ancestor of the extant
species in the equivalence class. The protein present feature estimates the probability that the ancestor had a
protein homologous to those in the equivalence class, and the protein count feature estimates the expected
number of ancestral proteins homologous to those in the equivalence class.

Next, we compute events for all pairs of species i, j € [1: n+m], i # j adjacent in the tree.

Protein deletion. We define p(k) =s" - p as the probability that species k has a protein in [x].

. f5N @@,)) =p@) < —p(j)) + (1 — p(@)) X p(j) is the probability a protein deletion occurs between species i and j.
o fN(i,j)=p@)xp(j) is the probability a protein deletion does not occur between species i and j.

Protein duplication. We define c(k) = as the expected numbers of proteins that species & has in [x].
o fNG,j)=|c(i) — c(j)| is the expected number of proteins gained between species i and j.

If either species i or j have no proteins in [x], then £V(i, ) has value 0.
Protein mutation. We define a species pair weight matrix S¥ € R"™*" as Y Z—sksl We define
B € R"" as

Bu= [T || |H[x]} > D e

enlkl qEH/M

where b(p,q) is the BLAST bitscore (Altschul et al., 1997) of proteins p and g. By, is the average bitscore
among the proteins in species k and . By, equals O if either species k or [ has no proteins in [x].

. fév i, )= tr(S"jTB), the sum of entry-wise products, is the expected bitscore between the proteins in species i and j.
* RGH=R)
* ="
© MEH=RD"
Features f through fI¥ 1 allow Gramlin 2.0’s scoring function to include nonlinear dependencies on the
BLAST bitscore of the proteins.
Finally, we compute events for all extant species i € [l :n].

Paralog mutation

o fN(i)=B;; is the expected average bitscore between a protein in species i and its paralogs.

o NG H=(D)?

"In the Appendix, the symbols n and m have different meanings than in the main text.
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« MGH=0""

© M H=¢)"

A.2. Edge feature function. We compute the edge feature function f* for equivalence classes [x]
and [y] as follows. First, we compute events for all pairs of species i, j € [1: n+m], i # j adjacent in the
tree.

Edge deletion. For k € [1 : n],p € H}(xl,q € H[’ I we define e(k, p, @) =1 if there is an edge between
p and g and O otherwise. We then define e € R" as

€= ’H[x] |HD]’ Z Z e(k’p’q)

pGHM g€y

which represents the average probability that species k has an edge. We define ¢; as NULL if H,[f] or H,EV] is
empty. We define

] . .
0= <ﬁ> . as  lelij}
kiexANULL kiex#ANULL

which represent the probabilities that species i and j have edges.

J flE(i, H=e(@x(1—e@))+ (1 —e(@))xe(j) is the probability that an edge is lost between species i and j.
o fE(i, j)=e(i) x e(j) is the probability that an edge is not lost between i and j.

Next, we compute events for all extant species i € [1:n].
Paralog edge deletion. We define é(k,p,q)=1 for k € [1 : n],p € TIM, g € TIY as

~ 1 4 ’
e(k,p, q): W Z e(k,P,CI)
k k c HIEX]
q/ c H]E\]
@9 # .9

which represents the probability, ignoring p and ¢, that species k has an edge.

I OES Zpen“‘ qunm (e(i,p,q)x (1 —e(i,p,q)) + (1 —e(i, p, q)) X e(i, p, q)) is the average probability an edge is
lost between a pair of | proteins in species i and all other pairs of proteins in species i.

o fEGi)= Zpeﬂm qunn e(i,p,q) xe(i, p, q) is the average probability an edge is not lost between a pair of proteins
in species i and all other pairs of proteins in species i.

For pairwise alignment of two species s and ¢, the final node feature function is
D =10 LA LS 60, S 5.0, 7 (5.0, £ (5.0, 5 (5.0, fio(s. ),
A0, 156+ 30, f136) + 1500, [38) +£30). fis(8) +£5 (0]

and the final edge feature function is
P DD =G0, f (.0, () + 3 (0, f () +£5 ()]

For multiple alignment, the final node feature function is

(B3 IR VANV AN AN S ALY B S AL ) B A
@.J) @.))
STRGHY G xby Y GRS G X by,

(9)) () @.)) @)

P AR AP IV A(N) PR A CN) P

@) @) (@i.)) (@i.))
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SURGHD G xbyg Y f G x> [ L)) X b},
@) (5] ((3)] @)
DN ) NI AR B IR AN ) P - 1N DL
@) @) (3] (3]
DN AT I A BRI AT B AT P

@) (@.)) ()] ()

DO IO HOD I A0
i=1 i=1

i=1 i=1

and the final edge feature function is

P D = | Y AR Y G Xby Y BN Y HGHXby Y [0 Y G0

@) (9)) (@.)) (%)) i=1 i=1

where b;; is the branch length between species i and j, the sums over (i,j) are taken over branches of the
phylogenetic tree, and the sums i are taken over the leaves of the tree.
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