Package ‘MIA

Version 1.0

Date 2016-01-14

Title Matrix Integration Analysis

Author Jinyu Chern<chjy@amss.ac.cr, Shihua Zhang<zsh@amss.ac.cn

Depends MATLAB ( > R2013a)

Description Detecting multi-dimensitional modules (md-modules) ivetdlse genomics data as
well as molecular network data using the methods in MIA pgeka

URL http://page.amss.ac.cn/shihua.zhang/software.html



Here, we provide a guide for MIA package. It describes allN#TLAB functions in MIA in
detail. For each method, these MATLAB functions mainly perf the tasks including realizing
a specific algorithm, drawing figures and outputting texsfabout the identified md-modules.



1 jNMF

JNMF (joint Non-negativeM atrix Factorization) enables users to simultaneously factor two o
more types of genomic data sharing the same set of sample®, We adopt multiplicative
update algorithm to solve the following problem:

N
minw,g, Y 11X = WH|%, stW >0,H; >0,i=1,..,N.
i=1

1.1 Algorithm

RunjNMF The main function for ]NMF.

Description

This is the main function for j]NMF, which integrates all thedated functions to achieve it.
Usage

RunjNMF(Input);

Arguments
Input A structure variable. The details about its constaunctan
be found in Section 5.
Output
It saves all the results in the directoryMIA/INMF/[NMF_Results].
JNMF_Results.mat The essential computed variables.
INMF_RunRecords.txt The updated values of the objective function in each round
of running.
INMF_Results.txt The numbers and indexes of features separated in comma.
Each row records the information for each identified md-nedu
Several folders Each folder contains the lists of all thaiified md-modules
for one type of features as shown in Figlle 2a and Figure 3a.
Several figures As shown in Figure 2b and Fiddre 4.
JNMF_PrepData Preprocess the input data.
Description

This function is used to preprocess the input data to entren-negativity.
Usage
[X, isdouble] = ]NMF PrepData(OX);

Arguments
OX A matrix.
Output
X A non-negative matrix, the transformation of d@X.
isdouble A binary variable (1 indicates changes have beatentais for no
change, that isX = OX).
JNMF_comodule Obtain the md-modules.




Description

This function outputs the optimal factorization resultsotigh running jNMF for multiple
times, then identify md-modules based on the factorizedicestiV', H; (i = 1,2, ...).

Usage
[W, H, Comodule, params] = jNMEomodule(Input, params);

Arguments
Input A structure variable including two components:
Input.data A non-negative matrix combifg data blocks sequentially to be

factorized, such asput.data= [ X7, X, ..., Xn].
Input.XBlockind A matrix of sizeN x 2. The two elements of th&h row give the
start and end column indexeslimput.datafor data matrixX;

(i=1,..,N).
params A structure variable including six components:
params.isdouble A vector of siZé x 1. Theith element indicates whether tité

data matrix is transformed to ensure its non-negativityofhb
change, and 1 for change).

params.K The number of md-modules users prefer to identify.

params.nloop The repeating times of JNMF. To ensure thestodiithis method,
this function repeats the algorithm for ‘params.nloop’dsn

params.maxiter The maximal number of iterations for thimathm.

params.tol The precision for convergence of algorithm.

params.thrdnodule A positive vector of sizex (N +1). Thresholds for selecting features
in N data blocks. The first one is to select samples.

Output

W, H Factorization results such thaput.datar~~ WH. W is the basis matrix
of sizem x K andH is the weight matrix of sizé( x n, where
K = params.K

Comodule Identified md-modules recorded i{fé&x (N +1)) cell array.Comodulégi,j }
records selected feature indexes of fttetype of variables in thé&h
identified md-module. The first column is for selected sasple

params Compared tparams’as input, there are something new added in it,
including
params.records An{oopx 1) cell array.params.record§} is a (terx (IV + 1))

vector, where each row records the values of all the termsan t
objective function and the sum of them in each iteration.

params.iterNumList Ar{loopx1) vector, where each element is the number of iterations
for each round of running.

JNMF _algorithm JNMF algorithm.
Description
This is JNMF algorithm.
Usage
[W, H, TerminalObj, iter] = j]NMFEalgorithm(X, XInd, params);
Arguments
X A non-negative input matrix of sizex x n combingN data matrices
sequentially to be factorized (e.k,= [X1, Xo, ..., Xn]).
Xind A matrix of size N x 2. The two elements of thih row give the start



and end column indexes Kfor data matrixX; (i = 1, ..., N).
params A structure variable includipgrams.K, params.maxiter, params.tol
defined the same as that in the functigfdMF_comodulé

Output

W, H Factorization results like those in functigfNMF_comodulé

iter The number of iterations when the algorithm stops.

TerminalObj A fter x (N + 1)) matrix in which each row records the values of
all the terms in the objective function and the sum of themaiche
iteration.

JNMF_module Identify md-modules from factorized matrices.

Description

Based on the factorized matriX” or H;, identify module members for each type of features.
Usage
module = j]NMEmodule(H, t, isdouble);

Arguments
H A (K x m) non-negative matrix used for module identification.
t A threshold value for selecting features.
isdouble A binary variable (1 is for the number of featuresatrixH is double
than that of the original ones, and 0 is for no change).
Output
module A (K x 1) cell array. modulei,1 contains the feature indexes of the
ith module.
1.2 Output figures
INMF _plot_X Provide the heatmaps of the original input matrices.
Description
Draw the heatmaps of the original input matricég (X, ..., Xn).
Usage
INMF _plot_X(X, XInd, fig, figure_title, colormaptype);
Arguments
X The input matrix combingV data matrices to be factorized (e.qg.,
X =[X1, Xy, ..., Xn)).
Xind A matrix of size N x 2. The two elements of thih row give the start
and end column indexes K for data matrixX; (i = 1, ..., N).
fig A positive integer for figure index.
figuretitle A string for the title of figure.
colormaptype A string for the colormap of heatmaps. Options inclubkse-yellow’,
‘green-red’, ‘yellow’, ‘blue-white-red’, ‘default’.
Output

The heatmaps for all the input data matrices as shown in &ligur

JNMF _plot_results Show the heatmaps of certain identified md-modules.



Description

Show the heatmaps of a selected identified md-module (diinlgellow lines).
Usage

INMF _plot_results(X, XInd, FeatureType, fig, figutile, colormaptype, vectorForRank);
Arguments

X, XInd, fig, figuretitle, colormaptype
They have the same definitions with those in funciidMF_plot_X.

FeatureType AL x N) cell array.FeatureTypéi} records the name ath type of
features (e.gFeatureType <'Gene expression’,'microRNA expression’,'CNY’
vectorForRank A structure variable containing four congrus:

vectorForRank.w, vectorForRank.h
Two vectors for the selected md-module. For example, if oaetsito
demonstrate thigh md-moduleyectorForRank.ws theith column of
basis matrixi¥” andvectorForRank.hs theith row of weight matrix
H.

vectorForRank.comodule
A (1x(N + 1)) cell array.vectorForRank.comoduje} records the
ith feature indexes of the selected md-module.

vectorForRank.hind Similar with the input variab¥nd’ to ‘X’ it records the indexes
for ‘vectorForRank.h’

Output
The heatmaps for a selected md-module to demonstrate iesmaas shown in Figuié 4.

JNMF _plot_correlation Demonstrate the correlations between the original data
and reconstructed data.

Description

Demonstrate the correlations between the original dgtand reconstructed datewX =
W H; using boxplots.

Usage
corrMat = jJNMF_plot_correlation(X, newX, XInd, newXInd, fig, figurétle);
Arguments
X, XInd, fig, figuretitle
They have the same definitions with those in functipéMF _plot_X'.

newx The reconstructed matrix combifig data matrices sequentially,
that is,newX= [WH,,W Hs, ..., W Hy]|.
newXInd Similar with the input variabl&Ind’ to ‘X, it records the indexes
for matrix newX
Output
corrMat A matrix of sizen x N, wherem is the number of samples aidis

the input data matrices, respectivedprrMat(i,j) records the correlation
between théth rows of the original dataX(;) and reconstructed data
(W H;).

Boxplots for input data matriceX, X5, ..., X as shown in Figurgl4.

JNMF _plot_distribution Demonstrate the module size distributions.



Description

This function provides the histograms for the size distidns of (V + 1) types of features
in the identified md-modules.

Usage
JNMF _plot_distribution(nSample, XInd, Comodule, FeatureType, figfie title);
Arguments

XInd, FeatureType, fig, figurtitle
They are the same as those in functiiMF _plot_results.

nSample The number of samples.
Comodule It is the same as that in functighMF_comodulé
Output

Histograms for the size distributions a¥(+ 1) types of features in the identified md-modules
as shown in Figurgl4.

1.3 Output into text files

Index2LabelForModuleContent Output the identified md-modules into text files.
Description

Output a number of text files, each of which records the sedefetature names.
Usage

Index2LabelForModuleContent(Modulelndex, FeaturelLabgpeName, ResultsFile);
Arguments

Modulelndex A (K x 1) cell array.Modulelndexi} records the indexes of thith
identified module for one type of features.

FeatureLabel Anf x 1) cell array recording all the names of one type of features.

TypeName A string for the feature type (e.BypeName = ‘Gene expression’

ResultsFile A string for the folder name to save these Isig. (TypeName

= '‘Gene expression’, ResultsFile = ‘jNMFesults’, all the identified
gene lists are saved in the directoryiNMF _results/GenelLists/

Output
A number of text files (e.gGenelListl.txt, GeneLis.txt, ....)

OutputModule2TXT Output the feature indexes of the identified md-modules.
Description

Output the feature indexes of the identified md-modulesartext file.
Usage

OutputModule2TXT(Comodule, FeatureType, ResultsFile);
Arguments

Comodule It is the same as that in functigNMF_comodulé

ResultsFile A string for the name of this text file.



Output

A text file named afNMF_Results.tx{ResultsFile = {NMFEResults}, recording the number
and indexes of selected features separated by comma.

2 SNMNMF

SNMNMF(SparseNetwork-regularizedM ultiple NMF) can incorporate the interactions within
(A1 € R™m*™M Ay € R™*"2) and between the two genomics variabldsy € R™ *"2) into
thejNMF framework for pairwise caseXj € RP*™ X, € RP*"2). Users can choose which
networks they prefer to incorporate in the framework byisgtthe corresponding parameters.
Besides, it also adds the sparsity constraints for basisxmidt and weight matriced¢f; and
H,. With the network-regularized constrain@NMNMFmakes the variables linked in these
two networks more likely to be placed into the same moduleth\ie sparsity constraints, it
helps us choose key variables. These constraints both dethe identified md-modules more
biologically interpretable. This model is defined as foltow

2
Minw,m, Y I1X = WHil|B - > \Tr(HAiH])

i=1 1<i<j<2

1 2
W IZ A+ 72O IRV 12 + 3 68 12)
i J

st. W >0,H, >0, Hy>0.

Wherehgl) is theith column of Hy, andh§2) is the jth column ofH,.

2.1 Algorithm

RunSNMNMF The main function for SNMNMF.

Description
This is the main function for SNMNMF which integrates all tledated functions to achieve
it.
Usage
RUunSNMNMF(Input);
Arguments
Input A structure variable (Section 5).
Output

It saves all the results in the directdrfMIA/SNMNMF/SNMNMEResults/; including
‘SNMNMF Results.mat’, ‘SNMNMRunRecords.txt’, ‘SNMNMResults.txt’ several folders
and figures, which record the similar contents with thoseuincfion ‘RunjNMF’ of ]NMF
as shown in Figurel 2, Figuteé 3 and Figlte 4.

SNMNMF_PrepData Preprocess the input data.

Description

This function is used to preprocess the input data to enkeradn-negativity.
Usage

[newlnput, isdouble] = SNMNMBPrepData(Input);



Arguments

Input A structure variable including three components:
Input.data A matrix combing two data blocks sequentiallpédactorized
(e.g.,Input.data= [ X7, X3)).
Input.XBlockind A matrix of size2 x 2. The two elements of thih row give the
start and end column indexeslimput.datafor data matrixX;

(i=1,2).
Input.netAd; An adjacency matrix for the relationshipsvibegn the features in
Input.data that is, Input.netAdi= [A11, A12; AL, Aso).
Output
newlnput A structure variable including
newlnput.data A non-negative matrix which is transformmenairfinput.data
newlnput.XBlockind A matrix of siz& x 2 which is similar withinput.XBlockind
newlnput.netAd;j An adjacency matrix transformed fromput.netAd;
isdouble A binary variable (1 indicates changes have beeatenand O is for
no change, that ishput = newlnpuj.
SNMNMF_comodule Obtain the md-modules.
Description

This function computes the optimal factorization resuitetigh running SNMNMF for multiple
times, then identify the md-modules based on the factonaetticesiV, H;.

Usage
[W, H1, H2, Comodule, params] = SNMNM&omodule(Input, params);
Arguments
Input A structure variable defined as that in functiShNNMNMF_PrepData;,
but thelnput.datais a hon-negative matrix.
params A structure variable, except farams.isdouble, params.K, params.nlpop

params.maxiter, params.thnthodule defined similar as those in the
function jNMF _comodule’described above. There are five specific
components, including

params.thrXr, params.thrXc
parameters referring to the basis maifikrelated term, the weight
matricesH;-related terms in the objective function to limit the growth

of W,

makeH; sparse, respectively.

params.thrNetll1, params.thrNetl2, params.thrNet22
parameters referring to the netwadk, A2, Aoo related constraints
in the objective function.

Output
W, H1, H2 Factorization results such thaput.data~ [W Hy, W Hs|. W is
the basis matrix of sizen x K, Hy is the weight matrix of sizé x n
and H> is the weight matrix of sizé{ x n,, whereK = params.K
Comodule Identified md-modules recorded if¥é&x 3) cell array, which has the
same definition as that in functiogpNMF _comodule!
params Compared to ‘params’ as input, there are somethingdéed in it,

including params.recordsindparams.iterNumListvhich are similar
with those in the functiofjNMF _comodule; where N = 2.



SNMNMF_algorithm SNMNMF algorithm.

Description

This implements the SNMNMF algorithm.
Usage

[W, H1, H2, TerminalObj, iter] = SNMNMEalgorithm(X1, X2, A11, A12, A22, params);
Arguments

X1, X2 The non-negative input matrices.

All, A12, A22 Adjacency matrices for the relationships witAnd between the
features inX; and Xs.

params A structure variable includipgirams.isdouble, params,.K

params.thrdmodule, params.thrXr, params.thrXc, params.thrNetl1,
params.thrNet12, params.thrNetZBhey are the same as those in
function ‘'SNMNMF_comodule’

Output
W, H1, H2 Factorization results like those in functi@NMNMFcomodulé
TerminalObj A(iter x 3) matrix each row of which records the values of all the
terms in the objective function and the sum of them in eachtiten.
SNMNMF_module Identify the md-modules from factorized matrix.
Description

Based on the factorized mati¥, H; or Hs, identify the md-module members for each type
of features.

Usage

module = SNMNMFEmodule(H, t, isdouble);
Arguments

H, t, isdouble They are defined as those in functjbiMF _module
Output

module Defined as that in functiggNMF _module!

2.2 Output figures

SNMNMF_plot_X Provide the heatmaps for the original input matrices.

Description

Draw the heatmaps for the original input matricés @nd X,). The arguments and outputs
of this function are similar with those in the functigNMF _plot_ X’ of J]NMF with N = 2.

Usage
SNMNMF_plot_X(X, XInd, fig, figure_title, colormaptype);

SNMNMF_plot_results Show the heatmaps of a identified md-module.

Description
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Show the heatmaps of a selected identified md-module (dimslgellow lines). The arguments
and outputs of this function are similar with those in thedlion ‘jNMF _plot_result’ with N = 2.

Usage
SNMNMF_plot_results(X, XInd, FeatureType, fig, figutéle, colormaptype, vectorForRank);

SNMNMF_plot_correlation Demonstrate the correlations between the original
data and the reconstructed one.

Description

Demonstrate the correlations between the original dgtand the reconstructed omewX
= W H; using boxplot { = 1,2). The arguments and outputs of this function are similahwit
those in the functiofjNMF _plot_correlation’ with V = 2.
Usage

corrMat = SNMNMPFplot_correlation(X, newX, XInd, newXInd, fig, figurétle);

SNMNMF_plot_distribution Demonstrate the module size distributions.

Description

This function provides the histograms for the size distidns of two types of features in the
identified md-modules. The arguments and outputs of thistiom are similar with those in the
function jNMF _plot_distribution’ with N = 2.

Usage
SNMNMF_plot_distribution(nSample, XInd, Comodule, FeatureType, figufe title);

2.3 Output text files

Index2LabelForModuleContent Output the identified md-modules into text files.

Description
This function is the same as that described in jNMF.

OutputModule2TXT Output the feature indexes of the identified md-modules.

Description
This function is the same as that in ]NMF.

3 SMBPLS

sMBPLYsparseM ulti-Block Partial L eastSquare) extends the standard PLS method to discover
associations between multiple input matricés, (X, ..., Xy; N > 1, X; € RP*" and a
response matrixy{ € RP*™) in a sparse manner. It identifies md-modules in which a gudise
heterogeneous input features jointly explain a subseteoféabponse variables. This problem is
defined as,
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w;,q,b;

N
max CoV(t,u) — Y _ Aillwilli — 7llq]x
i=1
N
with t; = Xl-wi,u = Yq,t = Z biti
i=1

N
st llwill3 =1, llqll3 =1, b = 1.
i=1

3.1 Algorithm

RunsMBPLS The main function for SMBPLS.

Description
This is the main function for sMBPLS which integrates all thkated functions to achieve it.
Usage
RunsMBPLS(Input);
Arguments
Input A structure variable (Section 5).
Output

It saves all the results in the directdtiMIA/sMBPLS/sMBPL3Results/, including
sMBPLSResults.mat, sMBPLBunRecords.txt, SMBPLBesults.txtseveral folders and figures,
which record the similar contents with those in functi®unjNMF' of ]NMF as shown in
Figurel2, Figuré3 and Figukeé 4.

meanc Preprocess the input matrices.

Description
This function centers the input data across the samplesatgleethe mean of each column of
the input matrix to be zero.
Usage
[Zm,mz] = meanc(2);
Arguments
z A matrix.
Output

Zm The centered matrix.
mz A row vector.mz(i)is the mean oEZ(:,i).

sMBPLS comodule Obtain the md-modules.

Description
This function returns all the md-modules by running SMBPhErfultiple times.
Usage

[nfactor, W, Q, WT, WU, TT, UU, sT, sU, XX, YY, Comodule, parain=
sMBPLS comodule(X, Y, XInd, YInd, FeatureType, params);

12



Arguments

X
Y
Xind
Yind

FeatureType

params
params.nfactor
params.nfold

params.maxiter
params.tol
params.param

Output

nfactor
W

Q

WT
Wu
TT

uu

sT

suU

XX, YY
Comodule

params

The input matrix of sizey{ x n) combing N data blocks (e.g.,

X =[X1,..., Xy)).

The response matrix of size « m) combingM data blocks (e.g.,
Y =[Y1,...,Yy]). Generally,M = 1.

A matrix of size N x 2. The two elements of thih row give the start
and end column indexes K for data matrixX; (i = 1, ..., N).

A matrix of sizeM x 2. Itis for Y defined similarly withXInd.

A (X (N + M)) cell array. FeatureTyde} records the name ath
type of features (e.gFeature Type < ‘microRNA expression’,'CNV’,
‘DNA Methylation’,'Gene expressioj’

A structure variable including

A pre-defined number of identified md-mazlule

A positive integer which is the number of falded for cross-validation
(CV) procedures. Generally, we gerams.nfold= 5 or 10.

The maximal number of iterations for sMBRlg®rithm.

The precision for the convergence of sMBPLSrilgo.

Al (x 1) cell array restoring all the combinations of parametettsgto
selectedparams.pararfi} contains one group of parameters used
in the algorithm, including thrXc and thrYc (controllingegmumber
of selected features of X and Y in the identified md-moduldgs)Xr
and thrYr (thrXr = thrYr, controlling the number of selectsaimples
in the identified md-modules), maxiter (maxiter = paramsitea),
tol (tol = params.tol).

The number of identified md-moduleggctor < params.nfactoy.
A (nx nfactor) matrix, W(:,i) is the weight vector foX in ith md-module.
A (mx nfacton matrix, Q(:,i) is the weight vector fol” in ith
md-module.

A (N x nfacton matrix, WT(:,i) is the super weight vector foX in

ith md-module.
A (M x nfactor) matrix, WU(:,i) is the super weight vector far in

ith md-module.
A (px (N x nfactor) matrix, TT(:, N x (i—1)+j) is the score vector
for X inith md-module { = 1, ...,nfactor, j = 1,..., N).

A (px (M x nfactor)) matrix, UU(:, M x (i — 1) + j) is the score
vector forY; in ith md-module{ = 1, ...,nfactor, j = 1, ..., M).
Generally,M = 1.

A (px nfactor)) matrix, sT:, ¢) is the super score foX in ith md-module
(z =1, ...,nfactor).

A (px nfactor)) matrix,sU(:, 7) is the super score faf in ith md-module
(z =1, ...,nfacton).
The new matrix after removing the signals of identifieatl-modules
from X andY.

The md-modules are recorded infa€tor< (M + N + 1)) cell array
which is similar to that in the functiofNMF _comodule!

Compared to ‘params’ as input, there are somethimgaéed in it,
including

params.iterNumList Ar{factor x 1) vector, where each element is the number of iterations

for each round of running.

13



params.records Anfactor x 1) cell array.params.record§ } is a (terx (M + N +2))
matrix where each row records the values of all the termsdn th
objective function and the sum of them in each iteration wilentify
theith md-module, ander = params.iterNumList(i), i = 1,...,nfactor
params.randRowPartitions
A (params.nfoldx 1) cell array. For n-fold CV procedurg,samples
are partitioned intparams.nfoldgroups equallyparams.randRowPartitiods }
records the sample indexes in ittle group ¢ = 1, ...,params.nfoldl
params.cyscores A matrix wherparams.cyscoresy, j) is the cv score for théth group
of parameters when identify thigh md-module.
params.paramsidused
A (nfactor x 1) vector. params.paramsidxised(i)is the index of
selected parameters for identifying thle md-module.

sMBPLSalgorithm sMBPLS algorithm.
Description

This implements the sSsMBPLS algorithm.
Usage

[success, w, g, b, a, T, U, t, u, XX, YY, TerminalObj, iter]
=sMBPLSalgorithm(X, Y, XInd, YInd, param);

Arguments
X, Y, XInd, YInd Defined the same as those in functisMBPLScomodule!
param A structure variable including six components:

param.maxiter, param.tol
Same as those in functiocesMBPLScomodule’

param.thrXc, param.thrYc
Two positive integers which are two thresholds for selecteatures
of X andY in the identified md-modules.

param.thrXr, param.thrYr
param.thrXr = param.thrYr A positive integer which is a threshold
for selecting samples in the identified md-modules.

Output

success An indicator to show if this algorithm runs sucaglysér not
(1 for success, 0 for failure).

w, q Weight vectors forX, Y.

b, a Super weight vectors fot, Y.

T A (p x N) matrix, T(:,i) is the score vector fokK; (: = 1, ..., N).

U A (p x M) matrix, U(:,i) is the score vector fox; (i = 1, ..., M).
Generally,M = 1.

t,u Super score vectors fof, Y.

XX, YY The new matrices after removing the signals of curnerd-modules
from X andY'.

iter The number of iterations to indicate when the algoritiops.

TerminalObj A fterx(2 + N + M)) matrix in which each row records the values
of all the terms in the objective function and the sum of thearaach
iteration.
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sMBPLS params Integrate all the parameters into an unified framework.

Description
This function is used to incorporate all the parametersangtructure variablenewparams!
Usage
newparams = sMBPLParams(params);
Arguments
params A structure variable including
params.maxiter, params.tol, params.nfold, paramsarfact
They are the same as those in the functgMiBPLScomodule!
params.thrXYrlist

This is a column vector recording the thresholds for sedactamples.
params.thrXdist
A (1 x N) cell array.params.thrXdist{i} is a column vector, which
includes several thresholds for selection features in haitaix X;
(i=1,..,N).
params.thrYdist
A (1 x M) cell array.params.thrYdist{i} is a column vector, which
includes several thresholds for selection featurés ifi = 1, ..., M).

Output
newparams A structure variable which is the same as the aiqgumentparams’
in ‘sMBPLScomodule!
sMBPLSselectparam Select a group of proper parameters used in SMBPLS
algorithm.
Description

Using a cross-validation (CV) procedure to select a grougroper parameters.
Usage

[paramidx, cv_scores] = sMBPLSelectparam(X, Y, XInd, YInd, params);
Arguments

X, Y, XInd, YInd Defined as those in functiosMBPLScomodule’

params A structure variable includipgrams.param, params.randRowPartitiopns
which are both the same as the output argunarams’ in function
‘sMBPLScomodule!
Output
paramidx The index of selected optimal parameters in paramspara
cv_scores A column vector recording the CV scores for all graiparameters.
sMBPLSgetCVscore Calculate the CV score for one group of parameters.
Description

By using a n-fold cross-validation (CV) procedure for oneugr of parameters, it will obtain
the corresponding CV score to assess this group of parasndtee smaller the better.

Usage
cv_score = sMBPLSyetCVscore(X, Y, XInd, YInd, param, randRowPartitions);

15



Arguments

X, Y, XInd, YInd, param Defined the same as those in functsiiBPLSalgorithm’.
randRowPartitions Defined the saméeaams.randRowPartitionsin the output of
function‘'sMBPLS comodule!

Output
cv_score A score for this group of parametgraram’ in the input arguments.
variablesparse Make the vector sparse.
Description
Make the input vector sparse based on the input threshold.
Usage
[sw, err] = variablesparse(w, thrd, msg);
Arguments
W A vector.
thrd A threshold for the degree of sparsityvaf
msg A string representing the name of variable
Output
sw The sparse vector.
err An indicator { indicates it is done successfully, apdor not).
newMatrix Obtain a new matrix.
Description

Remove the signals of the current identified md-module froendurrent data matriX, and
obtain a new matrixX.

Usage
XX = newMatrix(X, t, thrd, msgl, msg2);
Arguments
X A matrix.
t The latent variable for dat4.
thrd A threshold.
msgl A string representing the name of variable
msg2 A string representing the name of variale
Output
XX A new matrix removed signals from matrix.

3.2 Output figures

SMBPLS plot XY Provide the heatmaps for the original or reordered input
matrices.

Description

Draw the heatmaps of the original input matricés, ¥") by ignoring the input argument
‘vectorForRank’ or the heatmaps of reordered input matrices ordered basdteowuariable
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‘vectorForRank'where the signals of the identified md-module will be locatetthe four corners
of this heatmap.

Usage

sMBPLSplot XY(X, Y, XInd, YInd, fig, figure_title, colormaptype, vectorForRank);
Arguments

X, Y, XInd, YInd Defined as those in the functicsMBPLScomodule!
fig, figureritle, colormaptype
Defined as those in the functighNMF _plot_X’ of jNMF.
vectorForRank A structure variable including
vectorForRank.t The scores used for ordering samplesohtéscolumn of matrixsT
in the output of functioisMBPLScomodule!
vectorForRank.w, vectorForRank.q
The weight vectors foX, Y related to a specific md-module,
respectively. They are respectively one column of mawjpQin the
output of functionsMBPLScomodule’
Output

The heatmaps for the original or reordered input data negtric

sMBPLS plot results Demonstrate the heatmaps of a specific md-module and the
scatterplots for the correlation between the selectedifeat

Description

Show the heatmaps of a selected md-module (circled in yditms), and the scatterplots for
the correlations between the selected features.

Usage

sMBPLS plot results(X, Y, XInd, YInd, FeatureType, fig, figutile, colormaptype, vectorForRank);
Arguments
X, Y, XInd, YInd, fig, figuretitle, colormaptype
Defined the same as those input argumentsMBPLSplot XY,
vectorForRank A structure variable including six compdee&xcept for the three
ones in the input argumenriectorForRankof ‘sMBPLSplot XY’,
there are also
vectorForRank. T Ay x N) matrix. T'(:,) is the score vector fok; (i = 1,..., N).
vectorForRank.U A x M) matrix. U(:,14) is the score vector foY; (i = 1,..., M).
vectorForRank.comodule
A (1x(N + M + 1)) cell array.vectorForRank.comodufe} records
theith feature indexes of a selected md-module. The first colamn i
for selected samples.
FeatureType A (X (N + M)) cell array. FeatureTyde} records the name ath
type of features (e.gFeature Type = ‘microRNA expression’,'CNV’,
‘DNA Methylation’,'Gene expressiop’
Output

The heatmaps for certain selected md-module to demonst&teatterns of this md-module
as shown in Figurgl4.

The scatterplots for the correlation between the seleeetlifes as shown in Figure 5.

SMBPLS plot_distribution Demonstrate the module size distributions.
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Description

This function provides histograms for the size distribngioof all the components in the
identified md-modules.

Usage
sMBPLS plot_distribution(nSample, Ind, Comodule, FeatureType, figirigitle);
Arguments
Ind Ind = [XInd; YInd]. XInd, YIndare the same as those in function
‘sMBPLScomodule!
Comodule It is the same as that in the output of functsiBPLScomodule!

nSample, FeatureType, fig, figutide
Similar with those in functioyfNMF _plot_distribution’.

Output
Histograms for the size distributions of all the featurethimidentified md-modules.

3.3 Output text files

Index2LabelForModuleContent Output the identified md-modules into text files.

Description
This function is the same as that described in jNMF.

OutputModule2TXT Output the feature indexes of the identified md-modules.

Description
This function is the same as that described in jNMF.

4 SNPLS

SNPLS(SparseNetwork-regularizedPLS) is designed for one input matrixX( € RP*™) and
one response matrix’( € RP*™). It introduces network-regularized constraints, expeesas
adjacency matricea € R™*™ of a given interaction networks;, for the features inX and/or
B € R™*™ of another interaction network, for Y. This problem is defined as,

HgHZlX cov(Xg,Yd) — AlgTLXg — Xod" Lyd — Asllglli — Aalld]1
st. glg=1,d"d=1.

whereu = Xg,v = Yd, Lx, Ly are the symmetric Laplacian matrices of netwcrk, G,
repsectively.

4.1 Algorithm

RunSNPLS The main function for SNPLS.

Description
This is the main function for SNPLS, which integrates all thiated functions to achieve it.
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Usage

Run.SNPLS(Input);
Arguments

Input A structure variable (Section 5).
Output

It saves all the results in the directoryMIA/SNPLS/SNPLResults/; including
SNPLSResults.mat, SNPLBunRecords.txt, SNPLBesults.txtseveral folders and figures, which
record the similar contents with those in functi®unjNMF’ of ]NMF as shown in Figurél2,
Figure[3 and Figurgl4.

SNPLScomodule Obtain the co-modules (md-modules).

Description
This function returns all the co-module (md-modules) byning SNPLS for multiple times.
Usage

[nfactor, G, D, U, V, XX, YY, Comodule, params] = SNPLc®module(X, Y, A, B, FeatureType,
params);

Arguments
X The input matrix of sizeg x n).
Y The response matrix of size & m).
A The adjacency matrix for the interactions between theufestin X',
whereA = (a;;),a;; = 1 if featuresi andj are linked;a;; = 0,
otherwise.
B The adjacency matrix defined similar withfor the features irY".
FeatureType A (¥2) cell array. FeatureTyge} records the name ath type
of features (e.gFeatureType < ‘microRNA expression’,'Gene expressipn’
params A structure variable including the components below

params.nfactor, params.nfold, params.maxiter, params.t
Defined the same as those in the functieMBPLScomodule!

params.param Al (x 1) cell array recording all the combinations of parameters to
be selected. params.parami contains one group of paramesed in
the algorithm, includinghrXc andthrYc(controlling the number of
selected features of andY in the identified md-moduleshrXNet
andthrYNet(parameters for the network-regularized constraints in
the objective function)maxiter(maxiter = params.maxitgr
tol (tol = params.to).

params.thrdnodule A positive vector of sizex 3 which stores the thresholds for selecting
samples and features Xi andY'.

Output

nfactor, XX, YY, Comodule
Similar with those in the functiolsMBPLScomodule'with

N=M=1.

G A (nx nfacton matrix, G(:,i) is the weight vector foX in theith
md-module.

D A (mx nfactor) matrix, D(;,i) is the weight vector fol” in theith
md-module.

U A (px nfactor) matrix, U(;,i) is the super score faX in theith

md-module { = 1, ...,nfacton).
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Vv A (px nfactor)) matrix, V(.,i) is the super score fdr in theith
md-module { = 1, ...,nfacton).

params Compared tparams’ as input, there are new components including
params.iterNumList, params.records, params.randRowRars,
params.cvscores, params.paramsidiseddefined the same as the
output argument in the functiosMBPLScomodule!

SNPLSalgorithm SNPLS algorithm.
Description

This implements the SNPLS algorithm.
Usage

[success, g, d, u, v, XX, YY, TerminalObj, iter] = SNPLegorithm(X, Y, LX, LY, param);
Arguments

X, Y The same as those in functid@NPLScomodule!

LX, LY Laplacian matrices of sizen( x n) and ¢n x m) about the interaction

network for the features in dafél andY’, respectively.
param A structure variable including

params.tol, params.maxiter
Defined the same as those in the functiSNPLScomodule!
param.thrXc, param.thrYc
Two non-negative numbers which are respectively relatédeo
parameters\s, A4 in the objective function.
param.thrXNet, param.thrYNet
Two non-negative numberparam.thrXNeis the parameteX; in the
objective function used in the network-regularized caistrabout
X. param.thrYNets similar withparam.thrXNeused in the netowrk
aboutY if available.
If param.thrXNet = param.thrYNet = @his algorithm reduces to SMBPLS for pairwise case.
If param.thrXc = param.thrYc = param.thrXNet = param.thrYNed, this algorithm reduces
to the standard PLS.

Output

success, TerminalObj, iter, XX, YY
They are the same as those in the functeMBPLSalgorithm’.

g,d Weight vectors foX andY'.

u, Vv Score vectors foX andY'.

SNPLSparams Integrate all the parameters into an unified framework.
Description

This function is used to incorporate all the parametersanttructure variablenewparams!
Usage

newparams = SNPLBarams(params);
Arguments

params A structure variable including

params.tol, params.maxiter, params.nfold, paramsarfgmrams.thranodule
Defined the same as those in the functiSNPLScomodule!
params.thrXNetist This is a column vector recording the parameters fomiigvork
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constraint abouk in the objective function.

params.thrYNetist This is a column vector recording the parameters fomitgvork
constraint abouY” in the objective function.

params.thrXdist A column vector, which includes several thresholdssielecting
features in data matriX'.

params.thrYdist A column vector, which includes several thresholdssielecting
features in data matriX'.

Output
newparams A structure variable defined the same as the irguhant' params’
in the function'SNPLScomodule’
SNPLSselectparam Select a group of proper parameters used in SNPLS.
Description
Using a cross-validation (CV) procedure to select a grougroper parameters.
Usage
[paramidx, cv_scores] = SNPLSelectparam(X, Y, LX, LY, params);
Arguments
X, Y, LX, LY Defined the same as those in the functi®@NPLSalgorithm’.
params A structure variable includipgrams.param, params.randRowPartitiopns
which are both the same as the output argurfarms’ in the
function‘'SNPLScomodule!
Output
paramidx The index of the selected optimal parameters in paraamep.
cv_scores A column vector recording the CV scores for all graiparameters.
SNPLSgetCVscore Calculate the CV score for a group of parameters.
Description

By using a n-fold cross-validation (CV) procedure for oneugr of parameters, it will obtain
the related CV score to assess these parameters. The stinalbetter.

Usage
cv_score = SNPLjetCVscore(X, Y, LX, LY, param, randRowPartitions);
Arguments

X,Y, LX, LY, param are the same with those in the functi@NPLSalgorithm’.
randRowPartitions is the same witharams.randRowPartitionsin the output of function
‘SNPLScomodule!

Output
cv_score The score for this group of parametpesam’ in the input arguments.
PLS The standard PLS algorithm.

Description
This function is used to produce the initial vectors for SMPL

Usage

[success, g, d, u, v] = PLS (X, Y);
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Arguments

X, Y Two input matrices for the PLS algorithm.
Output

success An indicator to indicate whether PLS performs sisfakly or not

(1 for success and O for failure).

g,d The weight vectors for input dafd andY'.

u,v The score vectors for input datdandY'.

thresholding Make the input vector sparse.
Description

Make the input vector sparse based on the input thresholds.
Usage

sw = thresholding(w,thrd,msg);
Arguments

w A vector.

thrd A threshold for the degree of sparsityvaf

msg A string for the name of variable
Output

swW The sparse vector.

4.2 Output figures

SNPLSplot XY Provide the heatmaps for the original or reordered input ricas.
Description

It is a similar function as ‘'sMBPL$Ilot. XY’ described in SMBPLS.
Usage

SNPLSplot XY (X, Y, fig, figure_title, colormaptype, vectorForRank);
Arguments

X, Y The same as those in the functitBNPLScomodule!

fig, figure title, colormaptype
Defined the same as those in the functipiMF _plot_X'of jNMF.
vectorForRank A structure variable including
vectorForRank.u The scores used for ordering samplesoftdscolumn of matrixJ
in the output of functionSNPLScomodule’
vectorForRank.g, vectorForRank.d
The weight vectors foX andY related to one identified md-module,
respectively. They are respectively one column of maapD in the
outputs of functionSNPLScomodule!
Output

The heatmaps for the original or reordered input data nesric

SNPLSplot results Demonstrate the heatmaps of certain identified md-module
and the scatterplots for the correlation between the setéct
features.
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Description
It is a similar function withsMBPLSplot_results’ described in SMBPLS.
Usage
SNPLSplot results(X, Y, FeatureType, fig, figutéle, colormaptype, vectorForRank);
Arguments
X, Y, fig, figure_title, colormaptype
The same as those of functi®®NPLSplot XY".
vectorForRank A structure variable containing
vectorForRank.g, vectorForRank.d, vectorForRank.u
Defined the same as those in the functiSBNPLSplot XY".
vectorForRank.comodule
A (1 x 3) cell. It has the similar meaning with that in the function
‘sMBPLSplot results’.
vectorForRank.v The score vector for datalt is one column of matri¥ in the output
of function‘SNPLScomodule!
FeatureType Similar definition with that in the functimMBPLSplot results’
with N = M = 1.
Output

The heatmaps for certain selected md-module to demonsfatterns of this md-module.
The scatterplots for the correlation between the selecatlifes.

SNPLSplot _distribution Demonstrate the module size distributions.

Description

This function provides histograms for the size distribngioof all the components in the
identified md-modules, which has the similar input argureemd output results.

Usage
SNPLSplot distribution(nSample, Ind, Comodule, FeatureType, figyrigitle);

4.3 Output text files

Index2LabelForModuleContent Output the identified md-modules into text files.

Description
This function is the same as that described in jNMF.

OutputModule2TXT Output the feature indexes of identified md-modules.

Description
This function is the same as that described in jNMF.
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5 Input data

To facilitate the usage, MIA package implements the fourhmé$ using the same structure
variable to describe the input data. This variable, nampdt, includes the following components:

Input.data A matrix storing all the multi-dimensional data sequdhtiée.g., Input.data=
[X1, ..., Xn]). Each row corresponds to the genomics features of a speaifiple. Each type
of genomic data is assigned its own set of columns.

Input.XBlockind A matrix of sizeNV x 2. The two elements iith row give the start and end
column indexes ifnput.datafor theith X matrix (i = 1, ..., N).

Input.YBlockind A matrix storing the response matrix for both sMBPLS and SNPLS. Its
format is similar tolnput.XBlockind

Input.netAdj The symmetric adjacency matrix of a given network used fdMBIMF and
SNPLS, where the features have the same order awpirt.data This network combines the
interactions between and within the variables in multiglges of variables. The element of this
matrix equals td for linked features in the network, afidotherwise.

Input.SampleLabelA vector recording the labels of samples.

Input.FeatureLabelA vector recording the feature namegiiput.data Theith label corresponds
to theith feature ininput.data

Input.FeatureType A vector recording the feature types input.data Here we give an
example:nput.FeatureType- {‘Gene expression’, ‘microRNA expression’, ‘DNA methyfati }.

Input.params A structure variable, storing all the parameters used iIAMI

For these four methods, there are three common parameteltsjing
- Input.params.NCluster A pre-defined number of md-modules. For example, we
may setinput.params.NClustet 20.

- Input.params.maxiterThe maximal iteration times in each algorithm. For example
we may setnput.params.maxites= 100.

- Input.params.tal The precision for convergence of each algorithm. For examp
we may setnput.params.tok= 1076,

For J]NMF, there are two specific parameters:

- Input.params.nloopThe number of repeating times to run this algorithm. To imbta
arobust and optimal solution, this algorithm is run for riplét times repeatedly, and
the solution with the minimal value of objective functionaiscepted. For example,
we may setnput.params.nloop= 50.

- Input.params.thrdnodule A non-negative vector of sizé x (N + 1) to select
features in md-modulesnput.params.thrdnoduléi+1) is the threshold for selecting
the ith type of features innput.data(: = 1,..., N). The first one is for selecting
samples. The larger they are, the smaller number of featweeselected. Users can
set it based on the size of md-modules they prefer to iderkify example, we may
Input.params.thrdmodule= ones(1, N + 1).

For SNMNMF, except folnput.params.nloo@nd Input.params.thrdnodule there are
also:

- Input.params.thrNetl11, Input.params.thrNetl2, Inpargms.thrNet22 The three
non-negative numbers are set for the parameters resggatilated to the network
constraints about network,;, A12, Ao in the objective function, wherd;, Ass
are respectively the adjacency matrices for the intenact&works within the features
in data matrixX, Xo; Ai2 is for the interaction network between the two types of
features. User can choose which networks they prefer torueeiframework by
setting the corresponding parameters. For examplepiit.params.thrNet1% 0,
the networkA;; will not be used.
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- Input.params.thrXr, Input.params.thrX@he two non-negative numbers are set for
the row related (o¥1’), and column relatedH;) terms respectively in the objective
function. It controls the degree of sparsity of matvix, H. For example, we may
setlnput.params.thrXr= 10, Input.params.thrXe= 10.

For sMBPLS, there are:

- Input.params.nfoldA positive number used fot-fold cross-validation (CV) procedure.
Generally, we sdnput.params.nfold= 5 or = 10. This method applies CV procedure
to select a proper group of parameters from all the comhinatof these parameter
lists described below.

- Input.params.thrXYtist: A column vector with positive integers. They are candidate
for thresholds in order to select samples in md-modules.ekample, we may set
Input.params.thrXYitist = [20; 30].

- Input.params.thrXdist, Input.params.thrYdist: Two row vectors of sizé x N, 1 x
M with positive integers to control the degree of sparsitytfierweight variables of
input dataX, Y, respectively. For example, we may $eput.params.thrXdist =
repmat{[20; 30]}, 1, N), Input.params.thrYdist = repmat{[20; 30] }, 1, M ), where
N = size(Input.XBlockind,1)M/ = size(Input.YBlockind,1)

For SNPLS, there are:
- Input.params.nfoldlt is the same as that in SMBPLS.

- Input.params.thrXdist, Input.params.thrYdist: They have the same meaning as
those in sSMBPLS for the situation @ = 1, M = 1. Thus, they are defined as
column vectors. For example, we may kgtut.params.thrXdist = [0.01; 0.03; 0.05],
Input.params.thrYdist = [0.1;0.3;0.5].

- Input.params.thrXNelist, Input.params.thrYNelist: The two column vectors with
non-negative values. They have the similar function Withut.params.thrNet11
in SNMNMF. Input.params.thrXNelist, Input.params.thrYNelist are respectively
for the networks within the features in input datg and response dafd. For
example, we may seéhput.params.thrXNelist = [1; 5]; Input.params.thrYNelist
= [1;5].

- Input.params.thrdnodule It is a non-negative matrix of siz8 x 2. The first
columninput.params.thrdmoduldi, 1) is the threshold for selecting thith feature
in Input.data(z = 1,2, 3). And the second columimput.params.thrdmodulé:, 2)
is a percentage in case of no features selected using thehtiae The first row is
for selecting samples. The larger the thresholds are, tlalesnmumber of features
are selected. Users can set it based on the size of md-mdHeieprefer to identify.
For example, we may sétput.params.thrdmodule= [1,0.5;1,0.5; 1, 0.5].

In addition, for the components that are not used in certathods (e.g.lnput.YBlockindn
JNMF and SNMNMF andnput.netAdjin ]NMF and sMBPLS), users can set them null or just
ignore them.

With this data structure, MIA is able to partitidnput.datainto corresponding data matrices
as input for each method automatically.

Next, we provide an example for constructing the input dateduin SNMNMF. Suppose
that one wants to identify 50 microRNA-gene co-modules Iggrate gene expression profiles
(X, € R3¥x12456) and micro-RNA expression profiles(f € R3%°*559) across the same set
of samples, as well as the gene interaction netwgrk gene-microRNA interaction network
G». The networkG; can be expressed by the adjacency matix = (ai;)12456x 12456, Where
a;; = 1if genei and gengj is linked in the networkG:;. Similarly, G is expressed by the
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adjacency matrixd;, € R2456x559 |f the microRNA interaction network is not available, the
corresponding adjacency matris is defined aslss = zerosps9, 559).
Then, we could define the input ddtgut as below:

Input.data= [ X7, Xs];

Input.XBlockInd= [1, 12456; 12457, 13015];

Input.YBlockind= | |;

Input.netAdj= [A11, A12; A12”, Azo);

Input.SampleLabek { TCGA-24-1105-01A;...;; TCGA-13-0793-014;
Input.FeatureLabel= {'SFRSS’;...;"SCN3A;'hsa-mir-488’;...;'hsa-mir-874,
Input.FeatureType= {‘Gene’, miRNA'};

Input.params.NClustet 50;

Input.params.maxite 100;

Input.params.tol= 1076;

Input.params.nloop= 5;

Input.params.thrdmodule = [1,0.5;1,0.5;1,0.5]

Input.params.thrNet1% 10~%; Input.params.thrNet12= 0.01; Input.params.thrNet22- 0;
Input.params.thrXr= 10; Input.params.thrXe= 10;

InputDataForSHMNMF.mat (MAT File

FH Name  Value
Input <1x1 struct>

Input.params <1x1 struct>

l Field Value
Input <1 struct> thrNet11 1.0000e-04
Field Value thrNetl2 0.0100
FH data <385x13015 double> thrNet22 0
FH XBlockind [1,12456;12457,13015] thrXr 10
FH NCluster 50 thrXc 10
H netAdj <13015x13015 double> thrd_module  [1,7,7]
(3] SampleLabel <385x1 cell> - NCluster 50
params <1x] struct= g "|DC’_P 5
FeaturelLabel =13015x1 cell> maxiter 100
FeatureType <1x2 cell= tol 1.0000e-06

Figure 1: lllustration of an example of the input data EMMNME
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| Genelists
| miRNALists
Samplelists

Correlations_between_original_space_and_reconstructed_space
Identified_comodule_1

Module_size_distributions

Original_data

SNMNMF_Results

d SNMNMF_Results

SNMNMF_RunRecords

=% =% % H|=

Figure 2: An overview of the output results SBNMNMFE The details about each part are shown
in Figure[3 and Figurel4.

[ GeneList_1. txtEd
1 # The List concludes 70 Gene(s) .

Genelist_1 2 GeneLabel
Genelist_2 7
4 PSD3
/ Genelist_3 5 IRS1
a [ nirmaList 1 txtEd
H . . 1 ‘# The List concludes 5 miRNA(s) .
Genelists miRNAList 1, o o
miRNALists — 5 miRNAList_2 3 hsa-mir-376a
. . 4 hsa-mir-376c
SamplelLists MIRNALISt.3 5 hsa-mir-19%a-5p
= sampleList_1. (xtﬂl
\ Samplelist 1 1 # The List concludes 56 Sample(s).
eLi 2 SampleLabel
Samplelist 2 | 3 pcga-24-1431-01A
SampleList_3 4 TCGA-13-0903-01A
5 TCGA-13-0751-01A
SNMNMF_Results.mat (MAT File e
FH Name Value
params <1x1 struct>
C I . l_,Eﬂw <385x50 double>
SNMNMF_Results EHH1 <50%24912 double>
EHH2 <50x1118 double>
Comodule <50x3 cell>

= SHMNNF_Results. tmnl

1 #Sample, #Gene, #miRNA, SampleIndex, GeneIndex, miRNAIndex
56,70,5,[2;6:42;52:53;606:72;74;:75:87;96,98;106:109:126;
59,70,4,[4:;8;25:;26;29:;46;56;60;61;66;77;78;81;102;125;1
65,89,6,[12;23;29;32;44;45;50;52;59;61;65;67;77;79;80;9
5 47,66,3,[12;14;22;27:43:48;49;65;71;73;86;88;100;111;12

W N

d SNMNMF_Results
SNMNMF_RunRecords

n

| SWHF_RurRecords. txtEd
\ 1 K = 50, thrNetll = 0.0001, thrNetl2 = 0.01, thrNet22 = 0, thrXr = 10, thrXc = 10,
2 iloop = 1, bestObj = [1800365.4858 63559.145935 -0.22403151802 -39.42
3 iloop = 4, bestObj = [1793332.2573 66946.80128 -0.22410538029 -41.62

Figure 3: The details about the output files shown in Figuiréad.In each folder, there are a
number of text files, each of which records one type of comptnia one identified co-modules.
(c) A MATLAB data file storing the computation results, indlaog the factorized matrices
W, H1, H2, the 50 identified co-modules, and the parameters used snbthod. (d) The
first text file records the feature indexes of all the iderdified-modules, in which the first three
numbers are the number of samples, genes, microRNAs in enéfidd md-modules, and the
next three columns show the indexes of selected sampless gam microRNA, respectively.
Each list are included in the square brackets. The secondilexecords some information
during the iterations. The first line shows the parameteesl is SNMNMF. The rest lines
show the changes of objective function during multiplea@uunning. It just records the results
better than the previous roundestObjstores values of the terms in the objective function in the
‘iloop'th round, andsumObj is the sum of these terms.
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Figure 4: An example for the output figures in Figure 2b.
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Figure 5: An example for the output figures for SMBPLS.
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6 Guide for the MIA users without a MATLAB license

Guide:
1. Operating System requirements: Windows 64-bit.

2. Download and install the Windows 64-bit version of the MATBARuntime for R2015b
from the MathWorks Web site by navigating to
http://www.mathworks.com/products/compiler/mcr/irndeml.

3. Prepare the input data and store them in the path “./MIAAData/". In this folder, we
provide the input data for each method as examples. For eatifon there are two Excel files
(one is for input data and another one is for input paramgteesh of which includes several
sheets. Users need to arrange their data in the same waysasekample Excel files in this
folder we provided. Note that, each sheet is renamed as thhesponding variable name as
described in our manuscript.

4.  Openthe Command Prompt (cmd.exe). Set the current pathergwie MIA package is
located, e.g., “D:/MIA".

5.  Produce MATLAB data files (*.mat) by running PrelnputDakeeType the command as
below:
D:\MIA > PrelnputData.exe ./InputData/DataForjNMF.xIsx ./Iripata/ParametersForjNMF.xIsx
JinputData/InputDataForjNMF.mat [NMF
or
D:\MIA > PrelnputData.exe ./InputData/DataForSNMNMF.xIsx .Utipata/ParametersForSNMNMF.xIsx
JinputData/InputDataForSNMNMF.mat SNMNMF
or
D:\MIA > PrelnputData.exe ./InputData/DataForsMBPLS .xIsx utData/ParametersForsMBPLS.xIsx
JInputData/InputDataForsMBPLS.mat sMBPLS
or
D:\MIA > PrelnputData.exe ./InputData/DataForSNPLS.xIsx ./iDpte/ParametersForSNPLS.xIsx
JinputData/InputDataForSNPLS.mat SNPLS

The first two parameters are the file names storing input datparameters; the next parameter
is the output file name. The last one is the selected method.pidgduced new data files (e.g.,
“InputDataForjNMF.mat”) are saved in the path “./MIA/Inata/".

6. Run MIA.exe. Type the command as below:
D:\MIA > MIA.exe ./InputData/InputDataForjNMF.mat jNMF
> D:\MIA > MIA.exe ./InputData/InputDataForSNMNMF.mat SNMNMF
> D:\MIA > MIA.exe ./InputData/InputDataForsMBPLS.mat SMBPLS
> D:\MIA > MIA.exe ./InputData/InputDataForSNPLS.mat SNPLS

The first one is about the input data file and the second oneig #ie selected method. For

each method, the results are saved their own directory. ¥eongle, the results of running jNMF
are saved in “./MIA/INMF/[]NMEResults/".
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