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A factor modeling framework is developed that is both prédécof phenotypic
or response variation and the inferred factors offer insigith respect to underlying
physical or biological processes. The method is generatande applied to a variety
of scientific problems. We focus on modeling complex disgédmmotypes (etiology of
cancer) as a motivating example. In this setting, the faatapture gene or protein in-
teraction networks at different scales — breadth of the@utton network. The method
integrates multiscale analysis on graphs and manifoldsldped in applied harmonic
analysis with sparse factor models, a mainstay of appligtisits. Specific findings
include the association of the TGFpathway with prostate cancer recurrence medi-
ated by cell-cycle control and the implication of the p2 twedy in cancer progression.
In silico perturbation analyses of the inferred multisaaledel suggest that the TGF-
pathway is a dominant pathway in control of cell-cycle detatjon in prostate cancer.
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1 Introduction

Methods for analyzing high-dimensional data have recemwadh attention in the last
decade, driven by increasingly high-throughput techrsdfoe data generation in the
social, physical, and biological sciences. An importartiigmge in all these settings is
the inference of models that are both predictive and intdginle — offering insight into
the underlying biological, social, or physical phenomeéHas can often be restated as
understanding the structure and statistical dependeatiesiables relevant to predic-
tion of a response, category, or phenotype given high-d#ioeal data. One modeling
principle common across biological and physical sciensésd idea of scale — the phe-
nomena under study is composed of interactions or procéisaesary depending on
the level of resolution at which they are examined. The othedeling principle is that
a sparse or low-dimensional representation capturesaeiénformation of the high-
dimensional data — factor modeling and manifold learnirggteso such examples. We
couple these two principles in the framework of multiscaletér models to produce a
low-dimensional representation comprised of factors @bus scales.

The scientific problem of modeling complex phenotypes atdiserves as a moti-
vating example to highlight the efficacy of this approachwdeer, the method itself
is general and can be applied to a variety of scientific andneeging applications.
We consider complex phenotypes as those controlled by mengsgand gene prod-
ucts with complex interactions. A common property of compbdaenotypes is het-
erogeneity of both the phenotype and its genetic and maedadsis. Cancer is a
complex phenotype where the heterogeneity is derived fl@orhain sources: vari-
ability across time or stage of disease and genetic anda@mwiental variability across
individuals. The idea of scale is central in oncogenesisesthe set of steps by which
interactions of genetic, biochemical, and cellular med$ras with environmental fac-
tors driving tumor development vary in complexity of the enlging networks as well
as the timescale of the interactions. In this paper scalerefégr to the granularity or
specificity of molecular and cellular interactions, andrep¢éhe range from physical
binding of proteins to other molecules, to loosely coupleigriactions of molecular
pathways and networks.

We address the biological problem of mapping the genetixpression variation
giving rise to phenotypic variation onto sparse multisclesets of a putative direct
gene (product) interaction network. We formalize this peot by denoting the genes
and gene products as a set of notfds a graphG = {V, £} where the edges between
gene products quantify the direct interaction. This gragi lbe represented as an as-
sociation matrixi¥ where the elementd’;; encode dependence between two nodes.
Gene expression or genetic variation is assayed on the modgme products in the

interaction network. A set af observations of the expression measurements and phe-

notypes is denoted g8 X;,Y;)}" ; whereY is the phenotype and € R™ are the
measurements over the gene products in the graph. Theiltiscale factor framework
specifies the following model for phenotypic variation

p
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wherez; charaterizes the noisg;(X;) = (X;, ¢;) is the projection of the observation
X, onto the multiscale factaf;, anda; models the relevance of factbim predicting
phenotypic variation. The multiscale bases or factgrare constructed from the asso-
ciation matrix¥. The index! has two components$:= (j, k), where;j parametrizes
the scale of the factor — related to number of nodes compritia factor — and: in-
dexes factors at each scgle At the finest scale the factors are single genes, and at
coarser scaleg (ncreasing) they are linear combinations of highly indeget genes.
At the coarsest scale these factors correspond to eigesgemngetagenes used in sin-
gular value decomposition analysis [8] and sparse factatatiog [2], respectively.

The main innovation of our approach is that inferred fact@m be interpreted as
subnetworks at various scales of molecular and cellulazgsses relevant to explaining
phenotypic variation.

2 Sparse multiscale factor models

Themultiscale factor model (1) is specified as

P J K
Yi=Y (X)) +ei=Y > ajudin(Xi)+ei, i=1,..n
=1
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wherei indexes the observations ahid a double index. In the second expression scale
is made explicit by decomposirignto a scale index and indexing factors at scafe

by indexk. Sparsity implies that only a few factors are required to explain viioia

in the response and is helpful in interpreting the inferremtiel. We use the following
generalization of the Lasso estimator [1] to infer a spareden
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The regularization parametarcontrols the trade-off between fitting the data and spar-
sity of the solution and is estimated using bootstrappieg, Materials and methods.
In the classical Lasso formulation the features arestheoordinates of the data ,
¢1(x) = (x, ¢;), wheree, is thel-th coordinate basis.

The method of diffusion wavelets is used to construct theisualle factors{¢1, ..., ... ¢ }.
A putative interaction graph of the variables (e.g. genesjther given or inferred, ver-
tices correspond to variables and the edges representdepembewtween variables.
This graph is represented by an association maifiwith elementiV;; encoding the
dependence between the i-th and j-th variables. This matay be given as a priori
knowledge such as a protein-protein interaction networlefined by local interac-
tions in the data, for exampW’,, (x;, z;) = exp(—||z; —;||? /o) with o > 0[15, 12].
Given the association matrix the diffusion operator [12}lo@ graph is defined as

T= Dil/QWDil/Q, with D;; = ZW”
J



This operator is related to the graph Laplaciafil5, 12],L = I — T'. In the case of
a Gaussian graphical modél,corresponds to the partial correlation matrix [6, 5]. In
manifold learning, the eigenfunctions of this operatorased as global basis factors
to capture information on the geometry and local interaxgionderlying the data. This
can be thought of as a nonlinear version of principal comptsanalysis (PCA), the
nonlinearity is a function of the eigenfuctionsBf[35]. A drawback of this approach
is that the eigenfunctions tend to be global, a linear comtinn of all variables, and
hence difficult to interpret.

In biological applications where interpretability may bg important as predic-
tion performance factors with a few genes may be preferres évthey have lower
predictive accuracy than these eigenfunctions or eigesgyelm most applications the
number of variables is far greater than the number of obsenam > n resulting in
a very large number of few gene factors that are equally ptizei complicating the
biological interpretability of factors with few genes. Fhambiguity arises from the
complex relationships between genes and we address it kstraoting a multiscale
family of factors, from single genes to eigengenes. Thesfyaconstraint in the re-
gression model is then used to select predictive factongsic®jly we obtain significant
factors at different scales.

In order to generate the different scales, we observethahly encodes local
relationships between the variables, the partial coliganatrix is sparse in the termi-
nology of graphical models. PowersBfintegrate or propagate local dependencies to
more global dependencies. In a graphical mddét, ;) corresponds to integrating the
partial correlation across all paths of lengtfrom variable: to variablej. To recover
the dependencies across all the variables we sum acrosgfallengths
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which converges in the complement of the eigenspa@éairresponding to the eigen-
valuel . Similar expansions were used in path analysis [3, 4] to ohguse genetic

and phenotypic variation and in graphical models [6, 5] fothbcomputation and in-

ference. This expansion can be represented in a truly roalésashion as a product
of multiscale models by the limit of the following expansi@h— +o0)
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The factors at scalg, {gbj_,k}kK:jl, are constructed by analyziﬁgﬁf1 and constructing

a basis of sparse vectors spanning its range, which is lovedsional. 7 can be
represented by a small matrix acting on the rangé“%jffz. This decomposition is
the key idea in diffusion wavelets, which given the grapkields a set of multiscale
features or base{s{gbj’k}fio}j:l. The bases); ;. at different scales are related to each
other: eachy; ;. is a linear combination of a small numberg@f_; ;’s at the previous
finer scale, yielding a hierarchical structure among thestofs. As;j grows or the



factors become more global and approximate the top eigéoreeof I'. For more
details on diffusion wavelets see [13].

Given p factors andn observations wherg > n we would like a sparse set of
factors to capture variation in the phenotype in equatignThe sparsity of the model
has a strong dependence on the set of factors used. A sparssaetation given
one set of factors may be dense with respect to another setexample, sparsity
with respect to a few single gene factors is very differeantsparsity with respect to
principal components or eigengenes. The multiscale faatapture both extremes as
well as scales in between, providing a rich set of bases.

The advantages of the multiscale representations wittecép sparsity and inter-
pretability are due to three aspects of the method. A priodaia adapted knowledge
of dependence between the variables is embedded in the ipaties association ma-
trix . The multiscale bases interpolate between models contpoisingle genes
and models comprised of global factors models based on #wrghpdecompositions
of the diffusion operatof’, (kernel) PCA sparse regression. There is a hierarchical
relation between scales, each basis at a coarser scaleasse sgmbination of bases
at a finer scale

2.1 Comparison with other decomposition and clustering métods

In this section we develop the relation between other médgkorization approaches
and the multiscale factors and relate the multiscale fastdth hierarchical clustering.

An important step in many analyses is that of modeling ordiazing the data
matrix X € R™*™ with the goal of a reduced or compressed representationnidse
common representation or factorization is principal comgtt analysis (PCA). The
data matrix is represented by the following eigendecontjposX = UXV7T, where
U € R™*™ andV € R™ "™ are orthogonal andl € R™*" is diagonal with entries
o1 > ...0, > 0. The best rank approximation ofX consist of the firsk columns
of U andV, X = UkEkaT. When the data matrix is low rank this representation is
natural. However interpretation of this representatiochiallenging since the columns
of U andV are typically vectors with all entries non-zero. In this edise factors are
the columns ot/ which corresponds to a mixture of positive and negativefaxehts
for all the genes, all the factors are global.

An alternative decomposition is a CUR-type decompositib] jwhere the data
matrix X takes the formX = CUR, whereC € R™** U € RF*k R € RF*". C
and R are subsets of columns and rows of the data matrix, respectivély.notwith-
standing the name, is not unitary in general. The intergicataf this decomposition
is pickingk genes and data points from the data for the matrices R and the con-
structingU to well approximateX. U is in general a full matrix and is complicated
to interpret. A potential disadvantage 6%/ R decompositions is they may be poor
rank k approximations of the data matrix as compared to PCA. Thisbeaobviated
by careful and algorithmically efficient choices©f U, R, as shown in [14].

In light of these approaches, we interpret the multiscapg@gch as “interpolating”
between the “full” features oPC' A and the single features 6fU R, by creating a
multiscale dictionary of features representing the dathest features are nonlinear
functions on the data, capturing nonlinear subspaces cfesizing the data. While in



this paper we focus on the predictive aspects of the modelcanstruction may be
used to construct a multiscale representation of the rowlslaa columns of the data
matrix X with dictionariesd™"* = {¢*%"*} and®=°"* = {¢$9°}, respectively. One
representation of the data matrixxs= ¢ ; X7+ & ;_; (X — &, X07)0%_ +...,
the data matrix is a superposition of coarse-to-fine appnakons.

A related task to factorizing the data is hierarchicallyping the data. Arguably
one of the most popular methods used for the unsupervisdgsiand identifica-
tion of biologically meaningful clusters is agglomerativierarchical clustering [7]. A
problem with hierarchical clustering is its sensitivityttee choice of linkage function
and a lack of coherent methodology to select link functidrss problem is extenuated
when one agglomerates clusters at larger scales, sinceetligiah to agglomerate is
based on very basic cluster statistics such as correlaficluster centers that may not
be robust. Another approach to hierarchical grouping i€bas recursive partitioning
using spectral methods [11, 10]. Unfortunately, these-dopn” approaches do not
seem to perform well on complex biological networks whick aften characterized
by slow spectral decays. While useful for global partitiogndf data, spectral methods
can magnify errors made early on, making it difficult to infecal partitions of the
data. The same problem is inherent in factor models that tiseipal components to
generate factors. We will show that the mutiscale factoovigle robust hierarchical
clusters.

The final two aspects of the multiscale factor model thatidetorization or clus-
tering approaches fail to address is that the clusters oréow subspaces may not be
the most relevant with respect to predicting the respongghenotype. We find pre-
dictive factors by searching the redundant dictionary oftiscale factors. In addition
none of the other methods can impose a priori or data adapfteshation of the gene
interaction graplg in factorization or grouping.

3 Results

An intuition of the modeling principles and the flexibilitf multiscale factor models
is developed over a series of applications. The first twoiapgbns highlight the infor-
mation content in the factors. The next three applicatioesi$ on both the predictive
and interpretive aspects of the model and illustrate howrtbdel can be used to study
the effect of perturbations of a gene network.

3.1 Subphenotype discovery with multiscale factors

We begin with a study of hierarchical clustering as appl@the analysis of gene ex-
pression data. In genetically heterogeneous diseasessuamcer, clustering methods
have been applied to genome-wide expression data to igemtifecularly distinct sub-
phenotypes of patients [26, 28, 30]. Such discoveries amaifense interest as they
offer the potential for personalized medicine through ¢sed therapies and improved
prognosis. It is often unclear if inferred clusters are spus artifacts of the clustering
methodology or reflect the intrinsic structure of the data &Xplore this problem and
contrast hierarchical clustering with clustering usinfjufiion wavelets.



Figure 1: Clustering on a swiss roll. [A] Hierarchical clashg (complete linkage) [B]
Clustering with diffusion wavelets.

Fig. 13.1 illustrates a toy example illustrating the adeget of diffusion wavelets
over agglomerative hierarchical clustering. The data istesf three classes or groups
— a three component mixture model — on a spiral manifold. @hbeee classes are
captured by diffusion wavelets, Fig. 13.1b, but not by hieh&al clustering with
complete linkage, Fig. 13.1a.

This problem is also seen in real data. In [31] 292 high-risdalst cancer patients
were hierarchically clustered into patient subgroups 8asel 1 scores for each patient
computed from signatures of pathway deregulatioh] & 292 data matrix. A few of
these clusters were able to stratify patients with respentturrence rates. A natural
question to ask is how robust are these clusters and do thessent well-defined risk
populations? When we apply hierarchical clustering witimptete linkage on this
same data set, we are able to recapitulate the risk stréitifisapreviously reported
[31] (log-rank,p < .001). However, clustering with average linkage produces elgst
without any significant difference in recurrence rates.saises some concerns about
the stability of the clusters.

Diffusion wavelets can be used to cluster this data, seerrakstand methods. The
bases or factorp; . } can be used to define hierarchical clusters since each fastor
signs to each patient a probability of belonging to the faotacluster. Our objective
was to examine which clusters were able to stratify patibgitask. Adding the con-
straint that we were only interested in moderate to largstehs allowed us to ignore
clusters at local scales. We conducted pair-wise testsdstwiusters at the same scale
to see if the two clusters stratified patients according toim@nce rates, see Materials
and Methods.

Results from this analysis suggest the presence of gladlapatterns. Three sig-
nificant cluster pairs were found at the coarser scales: igndisant cluster pair at the
6th or global scale (log-rank, = .006) and two modestly significant cluster pairs at
the 5th scale (log-rank, = .06, p = .08). This suggests that there may not be multiple
distinct molecular sub- phenotypes as previously reported

3.2 Gene Ontologies

The Gene Ontology (GO) project [9] has defined a multiscalki@rarchical organi-
zation of function-based associations annotating bickigirocesses, molecular func-
tions, and cellular localization. This has become the géahdard for describing func-
tional relationships between sets of genes.

The Gene Ontology (GO) database was used in [18] to congrowttric or dis-
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Figure 2: Functional distance (measured on a gene ontolaphy versus structural
similarity of protein domains at different scales.

tance functional between protein structure domains thatucas variation in the func-
tion of the protein. The authors in this study used varioumiéefunctionsK (-) or
similarity measures to embed the gene ontology graph in éidaan space. Distances
in this Euclidean space reflect functional distances anc# shown that distance be-
tween functional domain subgraphs using these kernel edubgsl was highly cor-
related with protein structure domains, using the DALI Zrecfl9]. The geodesic
distance, computed as the shortest distance on the GO graghynable to recover
any meaningful structural correlation. This problem isatetl to the previous example
in the sense that geodesic distance corresponds to higrarchustering with single
linkage. The kernel functions used in [18] were local linearbeddings [16], graph
diffusions [12], and the inverse Laplacian to respectiwpture local, medium, and
global distances. However, the scale between these diffsnels is not explicit,
making it difficult to intuit how the kernels correspond tdfdient scalings. Diffusion
wavelets, on the other hand, provide an explicit and optinfadite number of scales
to consider.

We repeated the analysis in [18] using diffusion waveletsginerating kernels,
where K;(-) = ®; at scalej, and found significant correlation between functional
distance (on the GO graph) and protein domain structure, 8. The fit of an
exponential decay model to the correlation values showzasing decay rates with
7 = {~ 0,2,3} corresponding to local, intermediate, and global scalspeagetively,
see Materials and Methods. The correspondence betweesasingr and global
scales reflects the impact of global topology in the evatuatif functional distances.
From Fig. 22, we also observe greater noise at smaller fomatidistances for local
scales. This illustrates that diffusion at higher scalesams or denoises the evaluation
of functional distances.

3.3 Science documents classification

Classification of scientific documents is used to highlidgie accuracy of the multi-
scale model and the interpretability of the factors. Givedogument-word matrix
M composed of 1153 words from 1161 articles gathered fromr8eidNews, define
M;; as the frequency of thg” word in thei'" article. Each article is also annotated
according to one of eight scientific subjects - Anthropolo§stronomy, Social Sci-



ences, Earth Sciences, Biology, Mathematics, Medicing,Rtrysics. A preliminary
multiscale analysis of the document graph using articlesoales reveals a complex,
hierarchical structure on the data, see Supp. materiatshEsupervised analysis, we
useM to construct a weighted word grapii with words as nodes and edge weights
computed by pair-wise word co-occurence across documents.

The objective is inference of a discriminative function abfe of distinguishing
Earth Sciences documents (class A) from all other docunielass B) using the mul-
tiscale factor model. Factors were generated using ddfusiavelets on the weighted
word graphiW and the factor weights were inferred based on equation (B data
was randomly split into a training set of 80 documents froass|A and B with the
remaining documents comprising a test set.

We compared the performance to the multiscale factor modtél the saturated
model (Lasso on the original features), SVD regressionragression using the eigen-
vectors of the Laplacian. Bootstrapping was used for fitifidnyper-parameters (see
Materials and Methods). The performance metric used waardeeunder the receiver
operating curve (AUC) on the test data. The experiment is2Qtimes and results
are tabulated (Thl. 3.3) - the multiscale classificationhodtoutperforms the other
methods as measured by AUC.

Method Sat | SVD | Lap | MSF
Avg AUC || .886| .885 | .914 | .934
Std dev || .028| .038 | .037 | .022

Table 1: Performance comparison for discrimination of sceedocuments. Lasso is
applied to factors generated from following methods: (®sigyinal features, (SVD)

singular valued components, (Lap) eigenvectors of the daph, (MSF) multiscale

factors (diffusion wavelets).

The factors with significant factor loadings are also intetable. The scale of the
factors positively correlated with the Earth Science catggeflect levels of special-
ization within the topic of Earth Science. The fine scaledestontain specific words
such as ’'nitrogen’, words such as 'pest’, 'crops’, and 'pdaappear at an intermediary
scale, and words such as 'weather’ and 'forecast’ appedueaglobal scale. This as-
signment reflects the correspondence between scale andh{igneith respect to sub-
ject matter. It stands to reason that that the highly weijfeatures of global scaling
functions will be those features with the strongest or latgeimber of dependencies.
In Earth Science, the word 'weather’ appropriately fits théscription.

3.4 Predicting Prostate Cancer Recurrence

The prostate-specific antigen (PSA) test is the currentdstahfor monitoring and
assessing prostate cancer (PC) risk in men. While PSA-tszsedning has likely con-
tributed to the decline of PC mortaility in the last decatiehigh false positive rate has
resulted in overtreatment and increased morbidity. Comsetly, there is much inter-
est in finding alternative methods for distinguishing besweaggressive and indolent
forms of PC.



Figure 3: Predicting Prostate Cancer Recurrence, congradsthe multiscale factor
models with biomarker and global factor models.

Gene expression profiling has led to several biomarker bawsmtels to predict PC
recurrence [21, 26, 24, 25, 27]. These models are based agiagshe expression
of a few genes. Unfortunately, the models offer only modesgirovement over stan-
dard clinical models for predicting outcome. Moreover,rthis little overlap in the
genes used in each of these models. This highlights thespsrijene-based predic-
tor models for complex disease: technical variation, gfrganotypic and phenotypic
heterogeneity, and complex molecular interactions lilmét ability of these models to
generalize.

We compared the multiscale factor model to these biomarksed models in pre-
dicting PC recurrence, see Fig. 43a. We also compared ouehtmdther regression
methods: SVD regression, factor regression using eig¢okgeof the graph Laplacian
as factors, and Lasso on the original features, see Fig. W8hdata used was collected
from a large prostate cancer data bank composed of 596 patreated with radical
prostatectomies and monitored for up to 10 years [21]. Basedlinical outcome,
each patient is grouped into one of three categories: PCmathvidence of disease
recurrence (NEDp = 195), PC with biochemical recurrence measured by PSA (PSA,
n = 201), and PC with metastatic recurrence (SYS= 200). Gene expression data
is available for each patient measured on lllumina’s gengancer array and a custom
prostate cancer array, resulting in a total of 1024 mRNA proteasurements for each
patient. A dependency graph with each node correspondiagptobe was computed
using a thresholded correlation statistic. A multiscaletda model to discriminate
PSA from SYS was inferred. The inferred model had eight fictanging from local
to global. AUC on a validation set was used to measure thagihezlperformance of
the models. The multiscale factor model outperforms aléothethods.

3.5 PC Multiscale Pathway Analysis

The limitation of the predictive accuracy of single gene msdor PC recurrence was
observed in the previous section. Inference and interfioetaf molecular mechanism
giving rise to PC recurrence at the level of single genesssiffhe same problem of
lack of generalization and robustness. This difficulty hastivated analysis based
on gene sets, which are often more robust and interpretable than anslp$esingle
genes. Methods for gene set analysis [22, 20, 23] providistital evaluation of co-
expression of genes in a priori defined sets. The sets cgpiordiological knowledge
such as the KEGG and BioCarta pathways or are based on exgrasimsing known
molecular perturbations.
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We infer and interpret multiscale factor models in the spafcgene sets that are
predictive of PC recurrence. The nodes or variables in trosl@hwill be gene sets.
Specifically, we use 639 curated genesets defined by the MaleSignature Database
[22]. An association graph reflecting similarity betweem@eets is constructed, see
Materials and Methods. Gene expression data for 197 patieat compiled from two
independent prostate tumor banks £ 79, Memorial;n = 118, Catalona). Each
patient was given a clinical annotation of biochemical reence measured by PSA
elevation. The expression daf is am x n matrix with m = 22,000 probes as-
sayed ana. = 197 observations. This data is mapped to gene set enrichmemiagm
statisticsZ which is ag x n matrix with g = 639 gene setsZ;; provides an estimate
of the constitutive differential enrichment of the geneghia the i-th gene set in the
j-th patient, see materials and methods for details. Theiseale factor model was ap-
plied using the summary statistigsas the explanatory variables, recurrence (predicted
from the previous multiscale model) as the response catajoesponse variable, and
an association graph reflecting gene set similarity, seeeiédé and Methods. See
Supp. materials Table S1 for details of the inferred moded, gene set membership
probabilities for significant factors.

We focus on a few interesting observations resulting fromrthultiscale analysis.
Fig. 4 displays a coarse scale factor that suggests theview@nt of TGFS with
cell-cycle mediated pathways such as the G1, G2, and p58 #imse pathways are
up-regulated in samples with high predicted probabilityR& recurrence. Further
evidence for functional association with cell-cycle isagivby the direct connection
between the up-regulated TGF¢ell-cycle gene sets. At a finer scale we observe
two TGF-3 related gene sets with enrichment in opposite directioes, FHg. 4a .
This may reflect differential activation of subpathways #&F¥3 has been shown to
have both repressive and proliferative roles [29]. Alsordérest is the presence and
up-regulation of the p27 pathway and its gene- set neighbeodved with ubiquitin
mediated proteolysis. The p27 protein is a cell-cycle iithibtand tumor suppressor.
p27 itself is known to be controlled by post-translatioredchdation via ubiquitination,
captured by our model in Fig. 4B.

Using our model we would like to examine the effect of a drugf tvould disable
TGF-8 pathways. Of particular interest is whether compensatatiways appear,
thereby negating the effect of a drug targeting TG&FWe simulate the disabling of
TGF-3 by removing the two TGF3 related pathways in the association graph and then
applying the multiscale factor model on the modified graplesuiits of this analysis
show that no new pathways appear among the selected faatwrsnost of the path-
ways involved in cell-cycle deregulation in Fig. 4 do not epp We do continue to
see the ubiquitin proteolysis pathways in Fig. 4B. This ¢aties that the dependency
between p27 ubiquitination and TG¥is weak and therefore likely unaffected by the
disabling of TGF# pathways.

4 Discussion

The multiscale factor model based on diffusion waveletsnigrduitive and robust
framework for analyzing high-dimensional biological datgéh complex dependen-
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cies. The method as presented is applicable to a varietyigritfic settings involving

high-dimensional data. We show that it is particularly walited for the analysis of
molecular networks. This addresses a major challenge irpatational biology — the
development of models that are simultaneously robust addaiow for the interpre-

tation of underlying biological mechanism.

We note that the sparsity penalty used in inference of theféaads in (2) is scale
agnostic, there is no scale bias in the optimization. We o@gine situations where
prior knowledge suggests preference for certain scalekaynatively we wish to infer
which scale or scales should be given preference. The nezatian penalty in (2)
can be modified to weigh scales differently with a hyper-pseter that controls the
emphasis of factors as a function of scale and can be set & @riadapted based on
data.

Finally, we did not utilize direct protein-protein or priteDNA information from
curated databases, such as HPRD [34], in the constructitimreahteraction graphs.
We believe direct binding information is useful in well-artated model systems such
as budding yeast, but can be misleading in highly contexsitiee systems such as
human cancer. However, we do believe our modeling framewarkbe appropriately
applied to well characterized binding networks.

5 Materials

5.1 Gene expression data

The 573 breast cancer samples can be downloaded from theExpression Omnibus
[GEQ] microarray data repository at http://www.ncbi.nhin.gov/geo under the GEO
accession numbers GSE2034, GSE4922, GSE3143, and GSET8&48e data sets
were RMA normalized and corrected for batch effect; see {8dtletails.

Microarray data used in the training of the prostate caneeamrence model is avail-
able in GEO with accession number GSE10645. The prostateudad for valida-

tion and pathways analysis come from two independent rhgicastatectomy series
from Washington University (Catalona) and Memorial Sloaettkring Cancer Center
(Memorial). These series are not publicly available.

5.2 Local Similarity and Graph Construction

We studied the following distance metrics for defining losmhilarity across points
or variables - Pearson correlation, Spearman rank coiweland mutual information.
We did not observe any significant differences in resultsvben these metrics, and
therefore used Pearson correlation for the results predeéntthis paper unless other-
wise noted. To emphasize local geometry and to induce soarsapess in the graphs,
all graphs were thresholded at the 60% percentile.
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5.3 Phenotype Clustering in Breast Cancer

The 272 patient node graph is deduced from the similarityim&t’ = exp(—||z; —
z;]1?/.5), wherez is an 11-dimensional vector corresponding to 11 genomitatige
scores [31]. Multiple hard clusters are generated by sargiifom eachp; ;. using the
corresponding vector of probabiliti€p; , (z;)|?)7_,. Survival differences between
cluster pairs are evaluated using the log-rank statistic details concerning the breast
cancer data set and generation of signature enrichmergsadee [31] and [33].

5.4 Comparison of Functional Distance and Structural Simi&rity
At Multiple Scales

We use the method from [18] to compare correlations acrosescthat is, we fit a
decaying exponential using the functibh= y, + Ae~"*. The value ofr describes
the rate of decay where larger valuestotorrespond to a faster decay rate. In the
context of functional distances, we attribute a faster geate as incorporating more
distant domains in calculating functional distances. Weuate functional distances
at scalej using the diffusion metrid? (z,y) = /K7 (z,z) + Ki(y,y) — 2K/ (z,y)
whereK is the kernel corresponding to the diffusion operatoiSee [13] for details.

5.5 Hyper-parameter fitting

Selection of\ in (2) uses632 bootstrapping [32]. This method uses sampling with re-
placement, where each sample hds-al /n probability of not being sampled, tending
to produce sparse solutions and good generalizability.

5.6 Pathway Analysis in Prostate Cancer

We merge Illumina and Affymetrix data by matching Entrez, lalsd standardize each
row of genes to have mean 0 and variance 1.

The graph of pathways (gene sets) is deduced from the n&ifix= —log(p;;) where

pi; is the probability of overlap between gene set@ndj based on Fisher's Exact
statistic. We use the 639 genesets from MsigDB [22] and igaligenesets comprised
of 10 genes or less.

We need to transform the data mattk;, a m x n matrix wherem is the number

of probes, taZ — ag x n matrix g is the number of gene sets. This is done using the
ASSESS [20] software package for the transformafigh— Z, which measures gene
set enrichment variation for each sample.
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Figure 4: TGF# scaling functions. The intensity of the red/blue nodesesponds to
the amount of up/down regulation of the pathways betweemvtbeclasses. The size
of the node corresponds to the weight of the pathway in théngcunction. Edges
denote connections from the original dependency graph.ocal TGF{ related scal-
ing function, also observed as part of a global scaling fiencfentire figure).B. The
only pathways selected after network damage, i.e. remdvheol GF5 pathways.
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