GRAPH INFERENCE ENHANCEMENT WITH CLUSTERING:
Application to Gene Requlatory Network Reconstruction
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GRN thresholding

When clustering improves network inference... like Gene Regulatory Network (GRN). Given G(V, £, w), how to find £*7
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Network Inference | Gene Expression Data - Clustering e z; ; a binary label of edge e; ;:  x;; = Y
Goal: GRN inference - 0 otherwise.
FHETeRTTY The optimal labeling &* reflects regulatory links
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GV, &) G*(V,E"): Inferred GRN G(V, ). Complete Network _ Heatmap

GRN thresholding: maximization of a cost function I [4]
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e w; ; a weight between nodes 7 and j computed from gene expression data

g(vjll &, w) — e \ > 0 a thresholding parameter
Find a set of edges £(C &) % e e Sclect strongly weighted edges e; ;@ w; ; > A
reflecting gene lliregulatory links . <L 1 maximize Z wi i+ M1 — z;;)
Final Gene Regulatory Network | | Network thre?holding Weight computation w | | Gene signatures | | Gene clustering | ey (z‘,g)f?y?

G (v, &)

e [ixplicit solution:
BRANE Clust: Clustering-assisted network thresholding for GRN inference 37;7 = T(wi; > M)

Many inference methods are score-based (e.g. mutual information [1]) or model-based (e.g. Gaussian graphical

g-assisted GRN thresholding:
on gene clusters

e NP-hard combinatorial problem: multi-label formulation...

: | I models [3]).
Proposed formulation Let y'U, ...,y be a set of L vectors, whose components are DREAMA DREAMS
We want to: y(z) _ 1 iy =1 e Dataset validation: DREAM4 and DREAMbS Network 1 9 3 4 5 1
1 . .
e favor strongly weighted edges 0 otherwise. e Comparison: CLR and GENIE3 GENIE3 2] | 0.239 0.260 0.323 0.301 0.295 | 0.290
e favor edges €; j if nodes ¢ and 7 belong to the same cluster e ... and quadratic relaxation: e Criterion: Area Under Precision-Recall curve CLR [1] 0.245 0.255 0299 0.298  0.299 0.243
BRANE Clust| 0.243 0.277 0.369 0.328 0.332 0.342
e promote a modular structure around I central nodes I \ o DREAMS
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where —CW g set of T markers 2.’ valued by 1 if ¢, = [ and 0 otherwise % 61 0z 03 04 05 06 e @w W S ‘
—(C = {(Zi)lgigG - N¢ ‘ V71 € {1, - ,T}, Zi = tT}, -~ : :
| , — D a set coding for the sum-to-one constraint
—1; € N the cluster labeling of the node 1,
. e Dirichlet problem — solution ot L — 1 systems ot linear equations
—t- marker linked to the central node 7 P Y d
_ (@ the number of nodes e Optimal gene cluster labeling given by
% (1)
S = argmaxvy. . : L SN :
/i le{gl L) 7 e CLR and GENIE3 results are improved by e A priori on clustering improves network inference
e At y fixed an riable, an explicit solution is given o . .y
t y fixed and z variable, an explicit solution is given by —10.5% and 8.8 % respectively on DREAM4 e [Existing GRN methods may benefit from BRANE Clust
1 ifw > Ap Proposed algorithm —38% and 19 % respectively on DREAMS5 e Perspective: more sophisticated clustering method.
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