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Abstract

We report a sample-wise fully unsupervised deconvolution method, namely sample-wise Convex
Analysis of Mixtures (SWCAM), that can estimate constituent proportions and subtype-specific
expressions in individual samples using tissue-level bulk data (Chen 2019). The swCAM software
tool enables statistically-principled subtype-level downstream analyses, such as detecting subtype-
specific differentially expressed genes (SDEG) and differential dependency networks (DDN)
(Zhang, Li et al. 2009, Chen, Lu et al. 2020). Significantly different from population-level
deconvolution, individual-level deconvolution is mathematically an underdetermined problem
because there are more variables than observations. We therefore extend the existing CAM
framework by adding an extra term of between-sample variations and formulate sSwCAM as a
nuclear-norm regularized low-rank matrix factorization problem (Wang, Hoffman et al. 2016). We
determine hyperparameter value by random entry exclusion based cross-validation scheme and
obtain swCAM solution using a modified efficient alternating direction method of multipliers
(ADMM). Experimental results on realistic simulation data sets show that swCAM can accurately
perform sample-wise unsupervised deconvolution of complex tissues and successfully recover

subtype-specific correlation networks that are otherwise unobtainable using existing methods.


https://doi.org/10.1101/2021.01.04.425315

bioRxiv preprint doi: https://doi.org/10.1101/2021.01.04.425315; this version posted January 5, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Introduction

Decades of research on molecule regulatory mechanisms have provided a rich framework with
which we can extract molecule expression patterns to gain insight into the organization and
structure of the large biological networks (Zhang and Horvath 2005, Zhang, Li et al. 2009, Tian,
Zhang et al. 2014). However, most discoveries are concluded from measured molecule expressions
in heterogeneous tissues, in which the underlying changes of constituent components could
obscure molecule regulations and corrupt network inference that only occur in particular tissue
subtypes. The inference of subtype-specific molecule expression patterns becomes an essential
problem for understanding complex molecule functions and the role of each subtype during the
dynamic biological process, such as cell fate specification (Sonawane, Platig et al. , Chasman and
Roy 2017, Gal, London et al. 2017). The ability to obtain sample-wise expression variation in each
subtype is critical prior to infer subtype-specific molecular networks (Shen-Orr, Tibshirani et al.
2010, Junttila and de Sauvage 2013). Single-cell expression profiling techniques have become
popular to investigate cell-type-specific network but may lose critical information of cell-cell
interactions and is prone to cell-cycle/state confounders (Buettner, Natarajan et al. 2015, Gal,
London et al. 2017).

While the current CAM tool can dissect mixed signals of multiple samples into the ‘averaged’
expression profiles of subtypes, many subsequent molecular analyses of complex tissues require
sample-specific signal deconvolution where each sample is a mixture of ‘individualized’ subtype-
specific expression profiles. Here we propose a new algorithm called sSwCAM as an extension of
CAM to solve sample-specific Blind Source Separation (sBSS) problem. The sBSS problem,
because the number of variables is much larger than the number of observations, is ill-posed and
underdetermined. As a result, simple yet highly regularized approaches often become the methods
of choice (Hastie, Tibshirani et al. 2001). The sBSS problems have received increasing interest in
hyperspectral imagery area where the spatially smooth and variation sparsity regularization can be
exploited to unmix spectral signals (Thouvenin, Dobigeon et al. 2016). In the context of biological
process, transcriptional regulatory networks connect regulatory proteins, such as transcription
factors (TFs) and signaling proteins, to target genes and thus form co-expressed gene sets as
function modules in each subtype. Based on such underlying cellular mechanisms, we impose and

exploit the low-rank assumption on between-sample variations of molecule expressions in each
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subtype. While estimating subtype-specific signals from a single mixture for each gene
independently is an underdetermined problem, the low-rank assumption can aggregate information

from gene sets within function modules to help find a biologically plausible solution.

General rank minimization is a challenging nonconvex optimization problem for which all existing
finite-time algorithms have at least doubly exponential running times in both theory and practice
(Recht, Fazel et al. 2010). Minimizing the nuclear norm, or the sum of the singular values of the
matrix, over the affine subset, have multiple advantages. The nuclear norm is a convex function
and can be optimized efficiently, thus can provide the best convex approximation of the rank
function over the unit ball of matrices with norm less than one (Recht, Fazel et al. 2010, Candes,
Sing-Long et al. 2013). Nuclear norm regularization has been successfully applied in many
practical applications with low-rank modeling, such as image denoising (Candes, Sing-Long et al.
2013) and matrix completion (Cai, Candes et al. 2010). swCAM will adopt nuclear norm
regularization to optimize the estimation of between-sample variations in each subtype to recover
sample-specific signals for each subtype. This Chapter introduces mathematical modeling of
sample-specific deconvolution and optimization solver used in SwWCAM algorithm, followed by
validation in simulations and discussion on further possible improvement by sparsity

regularization.

Method

Problem formulation and nuclear norm regularization

A fundamental assumption for the conventional linear mixing model, X = AS + E, is that all the
mixture samples share a common source matrix S. However, each sample may have its
‘individualized’ sample-specific sources as the sampled realizations in additional sample-specific

subtype proportions (Fig. 1):
Si = §+Asl,l = 1,...,M.

The associated sample-specific BSS (sBSS) model is given by
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X =al(§+ASl)+nl € RL,ViZ 1,...,.M (1)
where a; is the row vector in proportion matrix A, and n; is noise term. AS; is expected to have

small-valued entries so that source matrices among different samples are similar.
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Fig. 1. Sample-specific deconvolution problem formulation and the assumption of hidden low-rank pattern
in each source. (For convenient illustration, T matrix in all figures are the transposed version of those in
the text and equations.)

If some expression units (molecular features) are highly correlated in a particular source, the rank
of the matrix consisting of AS; entries in this source will be low, leading to the following swCAM

objective function:

M K
1 — E
minM - E ||xl- — al-(S + ASL)”% + 4 ”Tk”* (2)
Afaspit, 2 = k=1

s.t. ai > OKF al'lK = 1,§+ASL > OKXLF
T, = [AST(k), ..., AST, (k)] e RM, k =1, ..., K,

where T, consists of the kth column in all AS;,i =1,...,M, representing between-sample
variation in source k, namely the variation matrix for the kth subtype. ||T,||. is the nuclear norm

of T;; and A > 0 is the regularization parameter of nuclear norms. The hyperparameter A actually
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can be different among different source k and thus the regularizer in (2) can be replaced by
YK ATkl if necessary. Please see supplementary information for the reason to select subtype-

specific regularization terms.

Optimization of swCAM objective function

The objective function in (2) is bi-convex w.r.t. the two block-wise variables, i.e. A £
[al,..,al,]T and T & [TE, .., T}]T € REL*M | Accordingly, we can solve (2) by alternatively

solving the following two convex subproblems until convergence:

TP*! € argmin J(4P,T) (3)
AS;>-Svi
AP*l e argmin  J(A,TP*Y) (4)

AZO0pxk,Alg=1y

where
1 M K
JAT) 25> llxi— aS +ASDIE +2 ) 1Tl
i=1 k=1

CAM-estimated subtype-specific expression matrix serves as the initial reference S. Note that in

(3) (4), we have implicitly used the following relationship for concise representation:
T £ [vec(AST), ..., vec(AST)],

where (4) can be decoupled w.r.t each row of A:

1 _
a e argmin [lx— a5+ s
a;70g,a;1x=1 2 ’

which can be solved using quadratic programming. If a prior proportion matrix or CAM-estimated
proportion matrix has already been of high quality, we can skip the alternative optimization on A

matrix, and obtain T matrix by optimizing the subproblem (3) only once.

To solve (3), we notice that the main bottleneck is its huge dimension of variables (typically, L is

several ten thousand), preventing conventional convex solvers from being readily applicable here.
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We propose to solve (3) by adapting the alternating direction method of multipliers (ADMM),
which has been widely applied to many large-scale problems in areas such as statistical learning,
image processing and computational biology (Boyd, Parikh et al. 2011).

ADMM naturally allows decoupling the non-smooth regularization term from the smooth loss term,
which is computationally advantageous. Specifically, we reformulate (3) in the form that the
primal variable can be “split” into several parts, with the associated objective function “separable”

across this splitting (Boyd, Parikh et al. 2011). We will use the following definitions:

T,

T 2 [vec(ASY), ..., vec(ASE)] = € RKLXM

Tk

S 2 [vec(ST), ..., vec(S%,)] € RKLXM

V 2 XT € RLXM

e [g] € R2KLXM

A IKL 2KLXKL
C, & IKL] eR

CZ A _IZKL € ]RZKLXZKL

C; 2 [1L®VBC(§T)] € R2KLxM
Okrxm

By 2 [Ogpxp, Ix;] € RFEX2KE
Bk = [OLX(k—l)L'IL' OLX(K—k)L' OLXKL] € RLXZKL'k =0,..,K

Then we can simplify (3) as the equivalent form:

1

min -
UERKLXM peR2KLxM 2

K
JAW) = VI +2 ) IBWI. + 1. (B W) (5)
k=1

s.t. C1U + C2W = C3,
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where I, () is the indicator function for the non-negative orthant; I,.(B,W) =1,(S) =0if S >
Oxixm (1.(U) = +oo, otherwise). The linear transformation in the first term is A(U) =
A([uy, .., uy]) = [Hyuy, ..., Hyuy] with H; = [ ®1,],i = 1,.., M. Note that (5) has been
with the ADMM form w.r.t. the two split block variables U and W, and, as (5) is solved, the

solution of (3) can be obtained by TP+ = [ I, Oxrxxi]W™.

Given a penalty parameter y > 0 (empirically, y := 1 generally guarantees good convergence

speed), the augmented Lagrangian (ignoring some irrelevant terms) of problem (5) is defined by
1 K
|4
LW, Z) = S AW) = VIE+2 ) IBWIl, + L. (BW) + 2 1€, + C,W = €, ZII2
k=1

where “—yZ”€ R2KL*M js the dual variable (or Lagrange multiplier) associated with the constraint
C.U + C,W = C5. Then, ADMM solves (5) via the following iterative procedure:

U%%le¢ argmin L(U,W1,Z9) (6a)
UEIRKLXM

Watle argmin L(U9T,W,Z9) (6b)
WeR2KLXM

291 = Z9 — (C,UT*! + C,WI*! — C5) (6¢)

where W° can be initialized by [TT, UT]T with Ty = 0y and U, = 15,®vec(ST); Z° can be
simply initialized by 0,k .- As We will show, both (6a) and (6b) can be solved with closed-form

expressions, thanks to the decomposability of ADMM.
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Fig. 2. The objective function of swCAM for sample-specific deconvolution problem and its reformulation
by ADMM. (For convenient illustration, T matrix in all figures are the transposed version of those in the

text and equations.)

Notice that (6a) is a column-wise separable optimization problem, so we can decouple w.r.t each

column of U:

1 |4 2
le argmm— |Hu; —vill5 + 5 €1 + y?”p @)
u;ERKL

where [yj’,...,yl‘?,,] 2 C,W?—C;—Z%. The subproblem (7) is an unconstrained quadratic

problem, which can be solved by
u?“ = (HiTHi + VC{C1)_1(HiTVi 1y1) (8)
The matrix inversion can speed up by
-1
(HTH; + yCTC)™ = ((ap) a’ + ZyIK) Q1.

The right term in (8) can also be simplified as
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Hfv, —yClyl = (af)T®xiT —y (y_f + y_f)

—\T 1T —
where y! = [(yf) (y_f) ] with y? € R¥" and y_? € RXL being the first and second half vector

of y7, respectively.

Finally, the column vectors of U?*1 in (6a) can be computed fast by
T — T -1
ui*! = vec {devec {(af) Qx! —y (y? + y_f) IL, K} ((af) a? + ZyIK) } 9)

To solve (4.6b), we remove some irrelevant terms from its objective function:

K

min A IBWIL + LBW) + L ICUT + W -, -z, (10)
k=1

And then, by defining UZ** € R\*M, k = 1, ..., K as block matrices from top to bottom in U9+ €

RELXM 7. € REM k=1, ...,K and Z, € RXL*M as block matrices from top to bottom in Z €

R2KLXM ' respectively (i.e., Z 2 [ZF,...,Z%, ZT]7), we decouple the objective function (10) as

functionsof T,k =1,...,K and S:

K
min Z {alTl. + g g = Ty — 15,®5, — Zg||} + {1,(9) + g e+t -5 - 22|}

WeR2KLxM
k=1

Therefore, W91 can be solved by the proximal point algorithm (PPA) (Parikh and Boyd 2014).
Specifically, we have

wast = [(re)', L () sey]

in which
2
Ty € argmin ATl + g |UE™ =T — 15,®5, — Z{||, (11a)
TeRKLxM
$9*1 € argmin 1,.(S) + 4 |uatt—s - Zg”2 (11b)
TeRKLXM 2 F

10
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Note that (4.11a) and (4.11b) are exactly the proximal operators of ||T,||. and I,.(S), respectively
(Parikh and Boyd 2014), and their closed-form solutions are given by

r

2
T+ = Z (GM _ —) WVl k=1, . K, (12)
=1 V4
st = [urt - 73], (13)

where the singular value decomposition (SVD) of is performed ahead of the computation of (12),

; q+1 T Q¢ q _ T
e U, —T,—1,QS, —Z, = X)—1 OxplrsVie

A reasonable termination criterion is that the primal residual, €™ = ||C,U + C,W — Cs]|,, and

dual residual, e44% = ||y cTC,(Wat1 — W%)||,, are smaller than a predefined tolerance.

Model parameter tuning

In noisy scenarios, the penalty parameter A setting is critical to determine how much variation is
persevered as patterns of interest or ignored as noise. An extremely large A will coerce the
individual variation to be zero. Decreasing A will allow more subtype-specific patterns to be

detected until overfitting.

Cross-validation is a popular strategy in parameter tuning for the balance of underfitting and
overfitting. One round of cross-validation excludes a certain portion of samples and uses the model
learned from other samples to predict the excluded ones. Then every model is assessed by
summarizing prediction performances across multiple rounds. However, our sample-specific
deconvolution estimates the individual expression of each sample in each subtype, which cannot
be used to predict the excluded samples directly. Thus, we proposed to randomly exclude entries
rather than samples in X matrix (Fig. 3), similar to the strategy used in missing value imputation.
The foundation of success is that the low-rank patterns in T, matrix are detectable by only a

portion of X entries and able to predict the excluded X entries.

11
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10-fold cross-validation strategy for model parameter tuning

Gene 1 Gene L
Sample 1 = N RMSE between the
it lues and
Incomplete X s L . issing ;_]l,il%m]\.,(,u
(randomly remove 1/10 of N Xk 4 Cne: il
observation entries) N L )
Sample M L 8
AS
Sample-specific " (Estimated |:|'> Reconstruction
deconvolution from debCAM)
r Gene 1 Gene L
Sample 1
X r
Low rank matrix Tj, =
Sample M

Fig. 3. 10-fold cross-validation strategy for model parameter tuning. A part of entries is randomly removed
before applying sSwCAM. The removed entries are reconstructed by estimated T matrix and compared to
observed expressions for computing RMSE to decide the optimal parameter A.

Specifically, we fix the 4 and S at the initialization values (from CAM-estimation or a priori
knowledge) and randomly remove entries in X matrix, leading to the objective function w.r.t
AS;,i=1,..,M:

M K
1 _ 5
{A‘?igélg;HPgi(xi) = Po,(a;(S +48))|[ + l;IITkII* (14)

S.t.S+AS; = O0gyy,
T, = [AST(k), ..., AST, (k)] e RM k=1, ..., K,

where Pq (x;) € RE denote a vector with the entries in Q; left alone, and all other entries set to

zero. The workflow of our proposed 10-fold cross-validation strategy is:

(1) Randomly split all entries into 10 folds;
12
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(2) Remove one fold of entries and use the remaining 9 folds of entries to solve (14) with
different A values [A4, 45, ...];

(3) Use estimated AS;(Ag),i = 1,..,M, 6 = 1,2, ..., together with fixed A and S matrix to
reconstruct X matrix and only record the reconstructed values for the removed entries in X;

(4) Repeat Step (2)-(3) and obtained a reconstructed X(21,) matrix in which all entry values
are reconstructed when their original values are absent in optimization processes with A =
Ag.

(5) Calculate Root Mean Square Error (RMSE) by

M L
RMSEG) = |72 Y (X~ %y (10)) as)

i=1 j=1

(6) Choose the 14 yielding the minimum RMSE.

Warm start can be used in Step (2) with the decreasing parameter 1, > A, > ---, which use the

estimation with A4 as the initialization of next optimization with A4, 4.

The optimization problem (14) can be solved using a similar ADMM algorithm in (5-13) that have

solved (3). The only modification is that (7) becomes

ul*t e arng‘fun—”PQ (Hiu;) — Py (v 1)” ||Clul +y; || (16)
U;€
where Pg () = [1% ®P9i(-)T]T € RXE makes all excluded-entry related variables be optimized

only by the second term, which is still an unconstrained quadratic problem that can be solved easily.

The remaining variables unrelated to excluded entries can still be optimized following (8-9).

Sparsity regularization

In addition to low-rank assumption, we could also reasonably assume only limited genes are
involved in functional modules and thus impose a row-sparsity regularization by £, ;-norm

minimization. The alternative swCAM formulation will be:

n, Zanl S CRI +AZ||Tk|| + 81Tl (17)

A {AS

13
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where § > 0 is the regularization parameter of £, ; norm of T, defined as

KL
Tl 2 ) Nt
i=1

accounting for the row-sparsity of T. If necessary, the parameter § actually can be varied for
different rows based on the character of each gene, such as mean-variance trend. The
supplementary information gives more details on the optimization of (17) by ADMM method. The
£, or £,-norm minimization, as common-used sparsity regularization methods, could impose the
entry sparsity in T matrix. We also provide ADMM optimization for sample-specific

deconvolution with #; or £,-norm minimization, which could be useful in other sBSS problems.

Results

As swCAM focuses on subtype-specific variation estimation, simulating biological variance
within each subtype and technical variance for each observation is important for validating
swWCAM performance. We conduct two sets of simulations. The first is in an ideal scenario where
the variance is not related to mean value. The second is more realistic where genes with larger

mean usually have larger variance.

Validation on ideal simulations

In the first simulations, we design twelve function modules, with four in each of three subtypes.
The observations for 300 genes in 50 samples were simulated with subtype-specific expression
baseline, S, sampled from the purified cell populations in real benchmark microarray gene
expression data GSE19380 (Kuhn, Thu et al. 2011). a;,i = 1, ..., M, are drawn randomly from a

flat Dirichlet distribution. Between-sample variation, AS;(k,j),i = 1, ..., M, for the kth subtype

(s)

and jth gene was drawn from normal distribution N'(0, g;;") if the jth gene was involved in a

function module in the kth subtype; otherwise zero (Fig. 4a). The genes in the same function

module has pairwise correlation coefficient equal to one, thus generating a highly correlated gene

(s)

set in each module. o, are drawn from uniform distribution U[50,300]. The technical noise,

n;, i =1,..,M, was drawn from zero-mean normal distribution with the variance al.(}“):lo.

14
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The twelve functional modules can be recognized in the variation matrix from swCAM when A
falls into a certain range (Fig. 4b~4i). Increasing the penalty parameter of the nuclear norm will
filter more noise but at the cost of the possibility of missing the true variation signal. RMSE derived
by 10-fold cross-validation strategy is relatively small when 4 = 1~50 and reach the minimum at
A =5 (Fig. 5a). The estimated variation matrix looks quite similar when 1 < A < 50 (Fig. 4e~4q),
with 12 clear patterns and some artifacts. The artifacts are formed when the signal variation in one
subtype spreads to other subtypes for the same genes, which are much lower than detected true
signals if A is not extremely small. (As shown in the supplementary information, the nuclear norm
minimization for each subtype’s variation matrix is a good option to reduce artifacts compared to

other regularization terms.)

It is interesting to find A = 5 is also the point where both primal and dual residuals surge in
ADMM algorithm (Fig. 5¢~5f). It is because larger A tends to train an over-simplified model and

thus approach the optimum solution more easily in ADMM.

The recovery of sample-specific signals in a subtype is also affected by the mixing proportions of
this subtype within the sample. When a subtype accounts for a very small portion in a certain
sample, its true signal in this sample will be very weak and thus underestimated (green points in
Fig. 6). On the contrary, the major subtype in a sample can be estimated very well by CAM-SS
(red points in Fig. 6).

15
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Fig. 4. Heatmap of estimated T matrix with varied A parameters compared to ground truth in the ideal
simulation. Increasing the penalty parameter of the nuclear norm will filter more noise but at the cost of the
possibility of missing true signal variation.
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Fig. 5. 10-fold cross-validation results under different A parameter in the ideal simulation. (a) RMSE; (c)
Residuals for primal feasibility condition; (e) Residuals for dual feasibility condition; (b), (d), (f) are
zoomed curves of (a), (c), (e).
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Fig. 6. Estimated T matrix versus ground truth when A=5 in the ideal simulation. The mixing proportions
associated with estimated entries are colored to show the sample-specific expression estimations for high-
proportion subtypes can be estimated more accurately than those for low-proportion ones

Validation on realistic simulations

Mean-variance trend is widely existing in molecular expression data. In our second simulation, all

settings are the same as above except that the variance of subtype-specific expression, e

xj » and

m)

the technical variance of observations, o, ;. are proportional to the subtype-specific expression

mean and mixed expression level, respectively. The coefficient of variation (CV), as the ratio of
the standard deviation to the mean, is drawn from uniform distribution U[0.15,0.3] and
U[0.02,0.05], respectively.

10-fold cross-validation strategy still obtains the minimum RMSE at 4 = 5 (Fig. 8a~8b) when

both primal and dual residuals also surge (Fig. 8c~8f). However, the estimated variation matrix by
18
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SWCAM is blurred by artifacts trained from noise (Fig. 7). Some high-expressed genes have
relatively large variance, which could be falsely modeled as subtype-specific signal variations. As
shown in Fig. 9, the entries with zero value in Ground Truth variation matrix could be

overestimated.

Though the absolute expression values estimated by swCAM could deviate from Ground Truth,
we can still clearly detect 12 functional modules defined by the Weighted Gene Correlation
Network Analysis (WGCNA) (Zhang and Horvath 2005, Langfelder and Horvath 2008) on the
estimated sample-specific expressions (Fig. 10). WGCNA constructs weighted networks based on
correlation patterns among genes across samples and thus detects function modules of highly-
correlated gene sets. In Fig. 10, the second and third subtype finds the exact four true modules
with very few genes are missed. The first subtype detects an extra false module, but it is a less
significant pattern compared to other modules and can be undetectable with stricter tree height cut
threshold. More importantly, without swCAM based deconvolution (Fig. 10d), WGCNA on
mixture expression profiles can find none of the true modules, but three false modules that are

related to the mixing process of three subtypes.

Incorporation of L21-norm regularization

In the above simulations, the deconvoluted sample-specific signals contain artifacts trained from
signals of other subtypes and artifacts trained from noise (Fig. 4 and Fig. 7). We can use a £, ;-
norm regularization to enforce the sparsity of genes that have signal variation across samples. It is
supposed to reduce artifacts while it also follows the assumption that genes contributing to source
variation in hidden modules are limited. Figure 11 shows the alleviated artifacts with A = 5 and
6 =10, 1, or 0.1. The true function modules are correctly detected with A = 5and § = 1 or 0.1,

where the false module in the first subtype is suppressed when § = 1 (Fig. 12).

Increasing the penalty parameter § will force more genes to have zero variance, which suppresses
the artifacts and false function modules but brings the risk of missing the true signals. It is critical
to propose a parameter tuning method for §. However, the cross-validation strategy with randomly
excluding entries for tuning parameter A is based on the low-rank assumption, where the hidden
low-rank patterns can be trained from a part of entries and then used to reconstruct the remaining

entries. This strategy is not applicable to § selection, which needs further study.
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Fig. 8. 10-fold cross-validation results under different A parameter in the realistic simulation. (a) RMSE;
(c) Residuals for primal feasibility condition; (e) Residuals for dual feasibility condition; (b), (d), (f) are
zoomed curves of (a), (c), (e).
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Discussion

Most existing tissue deconvolution methods ignore the expression variability of subtypes across
individual samples. swCAM will significantly expand the utility of CAM by producing subtype-
specific expression profiles in each sample. The success of sSwCAM depends on the low-rank
assumption, which takes advantage of biologically expected cooperation among genes and thus
sheds light on solving the seemingly underdetermined sample-specific deconvolution problem.
The low-rank assumption holds naturally in molecule expression data when there exist activated
functional modules required by particular biological processes or pathways in different subtypes.
The detection of such subtype-specific associations or networks is one of the major targets in the
analysis of molecule expression profiles. After our sample-specific deconvolution by swCAM,
conventional network analysis methods can be applied directly to the estimated sample-subtype-
specific signals to construct subtype-specific networks, e.g. weighted correlation network analysis
(WGCNA (Zhang and Horvath 2005, Langfelder and Horvath 2008)) and differential dependency
network analysis (DDN (Zhang, Li et al. 2009, Zhang, Tian et al. 2011, Tian, Zhang et al. 2014,
Tian, Zhang et al. 2015)).

The cross-validation strategy of excluding entries randomly is inspired by the similar ideas in
matrix imputation methods that commonly assume the matrix to be recovered has a low rank. Our
results consistently show a U-curve over parameter A, demonstrating the feasibility of the proposed
cross-validation strategy. Meanwhile, CAM is not sensitive to the choice of 4, as the U-curve has
a wide platform where the recovered sample-subtype-specific signals are similar and detected

modules are close.

It is also reasonable to assume that genes involved in biological associations or networks are sparse.
Therefore, it deserves our further study to use £, ;-norm regularization for reducing artifacts and

improving function module detection.

When group information is available, we can also apply basic CAM algorithm to each group to
obtain group-wise expression profiles of subtypes. Compared to sample-specific deconvolution,
group-specific deconvolution aims at a lower resolution of underlying subtype signals and thus

could obtain more robust results. If grouping is fine enough, group-specific deconvolution can also
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acquire signal variation in each subtype and thus help detect function modules and construct

biological networks.

Though swCAM can solve a seemingly underdetermined problem theoretically based on a low-
rank assumption. It still needs improvement and validations. First, the improvement of swCAM
by sparsity regularization. The sparsity assumption is practically reasonable, and we already show
some preliminary results after imposing £, ; norm regularization. However, introducing one more
regularization term will increase the difficulty of parameter tuning. Besides, the current cross-
validation strategy with matrix entry sampling is not applicable to selecting the coefficient of £, ;
norm term. Therefore, the integration of sparsity regularization still needs our further study.
Second, the improvement of function module detection based on swCAM estimated sample-
specific signals in each subtype. Recovering the exact values of sample-specific signals is
impossible unless there are more strong assumptions. Luckily, our goal is to detect function
module or networks from the between-sample variations in each subtype. Thus, increasing the
accuracy of estimated intercorrelations among molecules can be regarded as our target of further
efforts. Third, the validation of Validate SwWCAM in real data analysis. We have demonstrated the
capacity of sSwCAM to estimate sample-specific signals in each subtype using simulations where
the between-sample variation matrices are low-rank. Validation of swCAM in real molecule
expression data would be difficult, as the benchmark datasets with true subtype-specific signals
are unavailable. One possible direction is to verify the constructed subtype-specific networks
through biological experiments.

Conclusion

We propose a sample-specific deconvolution algorithm to estimate simple-specific molecule
expressions for each subtype, from which between-sample variation can be used to detect
biological associations and construct networks in each subtype. The contributions of this work
include: We formulate the objective function for swCAM with a penalty term to minimize the
nuclear norm of between-sample variation matrix in each subtype, based on our expectation on the
existence of subtype-specific networks. We design an efficient method based on ADMM to solve
SWCAM’s optimization problem in large-scale biological data. We design a 10-fold cross-

validation strategy to select the coefficient of nuclear norm term, and demonstrate its feasibility in
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simulations where a U-curve of RMSE is obtained to determine the optimal selection. We validate
swCAM in simulations to demonstrate sample-specific signals can be well estimated when low-
rank assumption holds. Even though artificial signal variances exist in SWCAM estimations, the
intercorrelations among genes can still be well preserved for function module detection and
biological network construction. We propose to use extra £, ; norm regularization to enforce the
sparsity of genes involved in networks and thus reduce the artifacts trained from noise or from

signals of other subtypes.
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