Survival Regression by Data Fusion
Marinka Žitnik1 and Blaž Zupan1,2
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Abstract. Any knowledge discovery could in principal benefit from the fusion of directly or even indirectly
related data sources. In this paper we explore if a recently proposed simultaneous matrix factorization data
fusion approach could be adapted for survival regression. We propose a new method that jointly infers latent
factors by data fusion and estimates regression coefficients of survival model. We have applied the method
to CAMDA 2014 large-scale Cancer Genomes Challenge and modeled survival time as a function of gene,
protein and miRNA expression data, and data on methylated and mutated regions. We find that both
joint inference of factors and regression coefficients on one side and data fusion procedure on the other
are crucial for performance. Our approach is substantially more accurate than baseline Aalen’s additive
model. Latent factors inferred by our approach could be mined further; we found that the most informative
factors are related to known cancer processes.

1

Introduction

Identification of driving events and their hazard rates for cancer progression remains a major
challenge in cancer studies [1]. Recent initiatives, such as International Cancer Genome Consortium (ICGC) [2], gather data that span patients, cancer types and diverse biological data types
to address the richness of genomic and molecular mechanisms that play critical roles during
cancer development.
Typical tasks related to cancer survival analysis are, among others, cancer subtype classification [3,4], patient stratification [5] and analysis of cancer signatures [6]. We here focus on
the prediction of patient survival time and the identification of crucial clinical and molecular
features. We propose a new machine learning approach that can consider potentially large number of heterogeneous data sets to infer latent factors for regression model. Below we describe
key concepts behind our approach and demonstrate its high predictive accuracy in three ICGC
cancer studies.

2

Background and Preliminaries

Survival Analysis and Regression. Survival analysis studies the relationship between risk
factors and patient’s time to the event (e.g. death, cancer relapse). We refer to the patient
as right-censored if the event has not yet occurred by the end of the study. The survival
probability until at least some time point is most often estimated with Kaplan-Meier statistics.
When additional patient data is available we can model time to the event through survival
regression.
Aalen’s Additive Model of Survival Regression. Aalen’s additive model is an alternative
to Cox’s proportional hazards model [7,8,9]. It has time-varying regression coefficients, poses
no assumptions about their parametric form and can provide information about the changing
effects of data features on the survival. Let λ(t) denote a vector of hazard rates for n individuals.
The additive model is given by λ(t) = X(t)β(t), where vector β(t) holds the baseline hazard
and m regression coefficients that measure the influence of the respective features in X(t) ∈
Rn×(m+1) . The matrix X(t) is constructed as follows. If the i-th individual is at risk at time t
(the event has not yet occurred) then the corresponding row of X(t) contains the individual’s
feature profile, otherwise it is replaced with all-zeros row. Aalen’s model estimates cumulative
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Rt
regression
coefficients defined by Bi (t) = 0 βi (s)ds, i ∈ [m + 1]. This is done by finding
P
B∗ (t) = tk <t V(tk )Ik , where tk are ordered times of events and Ik is a binary vector indicating
an individual who experiences the event at time tk . The matrix V(t) is computed by least
squares formula from X(t).
Data Fusion by Matrix Factorization. We have recently proposed a data fusion approach
that can jointly factorize possibly many data matrices that describe relations between objects of
different types and can impose constraints on the latent data representation through constraint
matrices [10,11,12]. Given is a collection R of relation matrices Rij , where Rij encodes relations
(l)
between objects of types i and j, and a collection C of constraint matrices Θi for l ∈ [li ], where
(l)
Θi is l-th constraint matrix for objects of type i. Data fusionP
by matrix factorization infers
latent matrix factors Gi and Sij by minimizing loss function Rij ∈R ||Rij − Gi Sij GTj ||2Fro +
P
Pli
(l)
T
Θi ∈C
l=1 tr(Gi Θi Gi ). Inferred model contains object type-specific latent matrix factors
(Gi ) and data source-specific matrix factors (Sij ) that can then be used for prediction.

3

Factorized Data Fusion Model for Survival Regression

We here propose a method called DFMF-SR that couples Aalen’s additive model for survival
regression and matrix factorization-based data fusion into a joint inference procedure. The
principal novelty of the approach is establishing interdependence between Aalen’s time-varying
regression coefficients and fused latent matrix factors during model inference. Intuitively, in each
iteration of the algorithm, current estimates of patients’ survival time influence the optimization
of latent matrix factors and vice-versa.
Following notation from the previous section and [10], DFMF-SR estimates latent factors
G and S and cumulative regression coefficients B(t) by minimizing objective function:
X

||Rij −

Gi Sij GTj ||2Fro

+

Rij ∈R

li
XX

(l)

tr(GTi Θi Gi ) +

Θi ∈C l=1

X

||Ik − Gp Spr (tk )β(tk )||2Fro .

(1)

tk <tn

Here, p and r are object types and specify a data source whose fused latent representation we
use to regress against survival data. In our analysis, p refers to samples and r to features (e.g.,
protein expression profiles or mutated chromosomal regions). We expand objective function in
Eq. 1 using trace operator similar as in [10] and derive iterative multiplicative update rules
for the unknowns from the associated Lagrangian L. Derivatives of L with respect to Gi for
i 6= p remain the same as in [10] and thus, their update rules are unchanged. The multiplicative
update of latent factor Gp (not shown here) follows from the following expression after some
algebraic manipulation:
X
X
∂L
=2
(−Rpj Gj STpj + Gp Spj GTj Gj STpj ) + 2
(−RTjp Gj Sjp + Gp STjp GTj Gj Sjp )
∂Gp
j:R ∈R
j:R ∈R
pj

jp

lp

+2

X
l=1

Θ(l)
p Gp + 2

X

(−Ik β(tk )STpr + Gp (tk )Spr β(tk )T β(tk )STpr ) − Cp .

tk <tn

Similarly, update rules of factors Sij for i, j 6= p, r are the same as reported in [10]. For Spr , its
partial derivative of the Lagrangian is given by:
X
X
∂L
= −2GTp Rpr Gr + 2GTp Gp Spr GTr Gr − 2
Gp (tk )T Ik β(tk ) + 2
Gp (tk )T Gp (tk )Spr β(tk )T β(tk ). (2)
∂Spr
t <t
t <t
k

n

k

n

To properly formulate multiplicative update rule of Spr one would need to solve a generalized
linear matrix equation. Such equations are difficult to analyze in their full generality, and
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necessary and sufficient conditions for the existence of their solutions are not known [13]. Also,
current numerical techniques for solving generalized linear matrix equations are lacking or are
not robust in large-scale settings [13]. We tackle this problem by randomly selecting a particular
tk in each iteration of DFMF-SR algorithm and its associated term from the last segment of
the right part of Eq. 2. Based on this reduction we update Spr by solving a Sylvester equation,
a well-characterized type of linear matrix equations, in which the coefficient matrices occur on
both sides of the unknown matrix Spr .
Finally, Aalen’s time-varying coefficients are computed in each iteration of DFMF-SR by
regressing current estimates of Gp Spr (t) against durations and lifetimes ordered by time of the
events t1 < t2 < · · · < tn with regularized least squares formulation. The parameter selection
and stopping criteria of DFMF-SR algorithm are similar as in the base DFMF algorithm [10].

4

Data and Experimental Setup

We consider large-scale cancer studies of three cancer types selected for CAMDA 2014 Challenge
in the 15.1 release of the International Cancer Genome Consortium (ICGC) [2]. These are head
and neck squamous cell carcinoma (HNSC; 368 donors), kidney renal clear cell carcinoma
(KIRC; 505 donors) and lung adenocarcinoma (LUAD; 461 donors). The ICGC provides data
from matched tumor and non-tumor tissues. For each cancer type, data include protein, miRNA
and normalized gene expression values, genome-wide information on the state of methylated
fragments, somatic mutations and clinical annotation. We consider these data sets alongside
with Gene Ontology annotations amounting to a total of ten data sources (Fig. 1) for each
cancer study. The base object type (p) is given by tumor samples that are associated with
survival data based on donor’s last known vital status (“donor’s vital status”) and the interval
from primary diagnosis to last follow-up date in months (“donor’s interval of last followup”).
We evaluate the performance of survival models by leave-one-out cross-validation of tumor
samples and score the models based on predicted survival times. We report transformed absolute
error loss of survival time defined by l(y, ŷ) = | log(y) − log(ŷm )|, where ŷm is the predicted
median of survival time y. Median is the optimal predictor of the absolute error loss and is less
affected by the long tails of survival distributions than the squared error loss. Log transformation
addresses concern that the absolute difference between predicted and actual survival time at a
distant time point should result in smaller error than the same absolute difference achieved at
a nearer time point [14].

5

Results and Discussion

Table 1 reports the errors of predicting survival time for lung, kidney, and head/neck cancer
studies. We use protein expression and somatic mutation (p = sample, r = protein or r =
CN somatic mutation; see Sec. 3) data to regress against survival data. Our proposed method
DFMF-SR outperforms an alternative approach that does sequential survival regression by
first transforming data into latent space and then independently of data transformation infers
a survival model. Similar gains of accuracy by DFMF-SR are observed for other choices of r
but are omitted for brevity.
The less well studied cancer data sets in CAMDA 2014 are challenging to analyze due to
noisy measurements, missing data and high right censorship (given the available data). For
example, 30% of tumor samples from the HNSC study do not have information about donors’
last known vital status or the times since their primary diagnoses. Of the remaining samples,
86% belong to the censored individuals. We observed that model performance crucially depends
on the ability to infer latent space and reduce data dimensionality, and survival regression
analysis fails to detect predictive signals if applied to high-dimensional untransformed data
sets in the original data domain.
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Fig. 1: Data sources and their relations. Nodes in graph correspond to different types of objects and edges denote data
sets Rij or constraint matrices Θi . For example, matrix R13 contains protein expressions, R15 relates tissue samples
to mutated genes in the tumor, and DNA methylation matrix R17 reports on gene-based methylation Beta values of
interrogated sites. Gene annotations from Gene Ontology are given by matrices Rx6 , x ∈ {3, 4, 5, 7}.

Additive regression model benefits from incorporating time into estimation of regression
coefficients and can give information about effects of data features on patient survival time
by plotting components of cumulative regression coefficients B∗ (t) against time. Fig. 2 shows
cumulative regression functions for two somatic mutation latent factors and baseline regression
coefficient in the HNSC cancer study. The baseline coefficient starts off small in the first ten
months after primary diagnosis and then increases (Fig. 2, right pane). Notice the different
dynamics of regression coefficients for the two latent factors (Fig. 2, left pane). Gene sets
belonging to these latent factors are enriched in biological processes known to play a role in the
development of cancer [1], such as regulation of nitric-oxide synthase activity, monooxygenase
and oxidoreductase activity, nitric oxide processes, cyclase activity (FDR < 4 × 10−4 ). This
finding points to a possible utility of the proposed approach for uncovering critical factors and
their changing influence across different stages of cancer progression.

Table 1: Cross-validated error of predicted survival time. Latent data representations of protein expression values or
somatic mutation data are regressed against patient survival data for three different cancer studies. We compare our
approach (DFMF-SR) to a procedure, which first infers predictive factors by data fusion (DFMF in Step I) or principal
component analysis (PCA in Step I) and then learns a regression model (Aalen in Step II). Aalen’s regression modeling
could be in principal applied to raw data (first row without feature construction in Step I), but fails due to high
dimensionality of data sets.
Approach

Protein expression

Somatic mutation

Step I

Step II

HNSC

KIRC

LUAD

HNSC

KIRC

LUAD

n. a.

Aalen

0.83

0.89

0.80

0.95

0.91

0.99

PCA

Aalen

0.73

0.70

0.69

0.71

0.73

0.72

DFMF

Aalen

0.67

0.65

0.66

0.61

0.68

0.61

0.56

0.62

0.59

0.54

0.58

0.53

DFMF-SR

0.8

1.2

0.6
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Fig. 2: The cumulative hazard plots produced by DFMF-SR showing the cumulative hazards of selected somatic mutation
latent factors (left; i.e. B∗i (t) of latent factor i) and the baseline hazard (right) in the HNSC cancer study. Notice that
regression coefficients are the derivatives of the cumulative hazards and so it is the slopes of the plots that are informative.
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