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Sparse logistic regression on genomic data
for prediction of tumour pathological subtype

Ozlem Kaymaz, Dodi Vionanda, Fatma Z. Dogru, Youngjo Lee, Henry M. Wood, and Arief Gusnanto

Abstract—The correct prediction of tumour subtype is critical
for the treatment of cancer patients to maximise the chance
of survival. The patients’ genomic information, such as copy
number alterations (CNA) profile, has increasingly become an
important factor in the prediction to supplement the tradi-
tional pathological subtyping. The incorporation of the CNA
information in a prediction model, such as logistic regression,
faces two major statistical challenges: first, how to estimate
the model parameters in the thousands and, second, how to
deal with the correlation of CNA between genomic regions. To
address them, we propose a sparse logistic regression model
with random effects where some of its parameters are estimated
to zero while the other parameters are non-zero. In effect, a
variable selection is embedded in the modelling. To deal with the
correlation of CNA across genomic regions, we extend further the
model to incorporate an additional penalty in the corresponding
likelihood function in the logistic regression. The results show that
we can identify selected genomic regions that are informative
to distinguish different tumour subtypes, while giving a good
prediction ability. We illustrate the methodology using CNA
dataset from a lung cancer cohort.

Index Terms—Tumour, subtype, cancer, logistic regression, h-
likelihood, prediction, copy number.

I. INTRODUCTION

N the context of care and wellbeing of cancer patients,

the prediction of tumour subtypes is critical because the
treatment administered to the patients is dependent on their
tumour subtypes [Amarasena et al. (2015)]. An incorrect pre-
diction will likely result in either lowering the chance of a
positive outcome or subjecting the patients to unnecessary
pain. To increase the chance of a success treatment, prediction
of tumour subtype based on the patients’ genomic information,
such as copy number alterations (CNA), has been considered
to supplement the traditional pathological subtyping. CNA are
genomic alterations, in which some regions exhibit more or
less than the normal two copies. CNA are informative for
prediction of tumour subtype because each tumour subtype
has different patterns of CNA. This is because the underlying
process of tumour development is different between subtypes
due to the origin of cancer [Jamal-Hanjani et al. (2017)].
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A range of predictive models has been considered
for tumour classification or risk stratification using
copy number alteration (CNA) data. Machine-
learning approaches such as deep neural networks
[Islam et al. (2017)], [Karim et al. (2020)] and random
forest [Gao and Baudis (2021)] have also been applied to
CNA-derived features for tasks including molecular subtype
classification. Logistic regression remains attractive because
it provides class probabilities and interpretable regression
coefficients [Elkahwagy et al. (2024)], and it has previously
been used for subtype prediction from genome-wide CNA
profiles. For example, [Shibahara ef al. (2023)] use logistic
regression method to identify intrinsic tumour subtypes
from CNA of lung cancer patients. [Bareche er al. (2020)]
consider logistic regression on breast-cancer patients’ genomic
information to predict triple-negative breast cancer (TNBC)
molecular subtypes. However, the adoption of logistic
regression in our case faces some challenges as a result of the
characteristics of the CNA data. First, it is well known that
genome-wide CNA data are high dimensional and the number
of genomic locations (predictors) far exceeds the number
of patients. So, standard logistic regression model will be
over-parameterised. Secondly, we expect that not all genomic
locations are important for prediction. In other words, this is
a variable selection challenge where we expect only CNA in
some genomic locations that are relevant to distinguish the two
subtypes, while CNA in the other regions are not necessarily
relevant. For example, [Forero-Castro et al. (2016)] suggest
that some genomic regions in chromosomes 1, 14, and 15
are important to distinguish leukaemia cancer subtypes.
[Brennan et al. (2013)] also show that some genomic regions
in chromosomes 4, 7, and 12 are relevant to distinguish
subtypes in glioblastoma (a type of brain cancer). Thirdly,
due to occurrence of CNA in segments, there are some
spatial correlation of CNA along the genome. This can be
attributed to the origin of CNA that involves non-allelic
homologous recombination during meiotic recombination
[Hastings et al. (2009)].

[Wang et al. (2022)] recently reviewed different sparse
logistic regression models for prediction based on bi-
ological data, mainly incorporating lasso (L1) penalty
[Tibshirani (1996)]. The lasso formulation [Tibshirani (1996)]
has some drawbacks in dealing with correlated predictors
as noted by [Zou and Hastie (2005)], who later extend the
formulation to elastic-net model. In this study, we pro-
pose an alternative formulation of sparse logistic regres-
sion method to address the above challenges with ran-
dom effects modelling framework [Lee and Nelder (1996)],
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[Lee et al. (2006)]. Specifically, we propose a hierarchical
model where the random effects are assumed to follow a
normal distribution, but its variance parameter is assumed
further to follow an inverse Gamma distribution. This approach
produces a very sparse solution where some genomic locations
have zero parameter estimates while the others have non-zero
estimates, to address the first and second challenges. To deal
with the third challenge of correlation between genomic loca-
tions, we extend further the model by assuming a mixture dis-
tribution for the random effects. The extension uses the same
principle as the extension of lasso model [Tibshirani (1996)]
into elastic-net model [Zou and Hastie (2005)]. In a simula-
tion study, the proposed model has good operating charac-
teristics. In general, the proposed model is recommended,
especially when the CNA segments are small, or when the
number of truly associated genomic regions are small.

The rest of the article is organised as follows. Section 2
describes the proposed methodology, including the datasets
involved. Section 3 shows the results, and Section 4 presents
the discussion. The conclusion is given in Section 5.

II. METHODS
A. Datasets

Our motivation comes from a study of lung cancer patients
at the Leeds University Teaching Hospital (UK). Seventy six
NSCLC patients are considered for this study. Out of these 76
patients, 38 patients have adenocarcinoma tumour subtype and
the other 38 patients have squamous carcinoma subtype. The
details on biological sample preparation, DNA extraction and
sequence preparation are described in [Wood et al. (2010)].
The DNA samples are sequenced using Illumina GAIIx se-
quencer to produce short DNA sequences (‘reads’). The short
sequences are aligned to the assembly hg19 of the human ref-
erence genome using the software package bwa suite version
0.5.9-r16 [Li and Durbin (2009)]. For our analysis, we only
consider reads that can be uniquely mapped to the human
reference genome with quality score > 37.

To estimate the CNA for each patient, we consider ‘depth
of coverage’ by counting the number of reads in each fixed-
size non-overlapping genomic region (‘window’). The size
of this genomic window is calculated using the NGSoptwin
package [Gusnanto et al. (2014)] to be 150 kb. As a result,
the whole genome can be covered by slightly more than
20,000 genomic windows. By excluding some missing values
(e.g. the centromere regions), we consider 17,571 genomic
windows for our analysis. The CNA profile for each patient
is then obtained as a set of normalised quantitative esti-
mates across genomic windows, using the CNAnorm pack-
age [Gusnanto et al. (2012)] to account for contamination of
normal cells. An example of CNA estimates for a patient is
given in Figure 1 (top panel). The figure indicates the CNA
estimates for Patient LS63 in the study and highlights the
spatial dependencies between genomic regions. This is better
seen in Figure 1 (bottom panel) that describes the (Pearson)
correlation of CNA between genomic windows in chromosome
5 across 76 patients in our study. The correlation between
genomic regions is not only generally high, but also exhibits
‘block’ correlation between neighbouring genomic regions.

Ls63

Estimated ploidy

0 2 4 & 8 10

0 1 2 3 4 5
m

Fig. 1. Top panel: Segmented copy number alteration (CNA) data (solid
line) for patient LS63 across genomic locations. Vertical lines separate
different chromosomes, while grey dots correspond to the normalised copy
number ratio. Bottom panel: Correlation of CNA between genomic windows
in chromosome 5 across all patients.

To illustrate the generalisability of the proposed method-
ology to independent cohorts and a different representa-
tion of CNA data, we additionally analyse The Cancer
Genome Atlas (TCGA) [Weinstein et al. (2013)] datasets via
the University of California, Santa Cruz (UCSC) Xena pub-
lic data portal [Goldman et al. (2020)], which hosts har-
monized datasets generated by the Genomic Data Com-
mons (GDC)[Grossman et al. (2016)]. We consider the so-
matic copy number data for oesophageal carcinoma (ESCA),
lung squamous cell carcinoma (LUSC), and lung adenocar-
cinoma (LUAD). Copy number profiles were generated from
Affymetrix Genome-Wide Human SNP Array 6.0 (SNP6) data
on matched tumour—normal samples and processed through the
GDC copy number variation pipeline based on the ASCAT
framework (ASCAT3)[Ross et al. (2021)]. Further details of
the data preprocessing steps are available from the Na-
tional Cancer Institute website [NCI GDC (2026)]. For TCGA
ESCA dataset, we have 56,974 gene-level copy numbers from
73 patients with squamous carcinoma subtype and 57 patients
with adenocarcinoma subtype. For the TCGA lung cancer
dataset, we have 56,433 gene-level copy numbers from 250
patients with squamous carcinoma subtype and 278 patients
with adenocarcinoma. In these TCGA datasets, our main
interest is still in the prediction of squamous/adeno carci-
noma subtypes. Analyses of the TCGA data are included as
independent applications demonstrating the generalisability of
the methodology across different CNA representations, rather
than as external validation of the Leeds data analysis. The
analysis results of the TCGA datasets are mainly presented in
the Supplementary Material.

Importantly, the predictors used in our models are quantita-
tive normalised CNA estimates at the genomic-window or gene
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level, rather than merely binary gain/loss indicators. Hence, the
magnitude (or intensity) of copy number change is retained in
the input through the estimated CNA values for each genomic
region. We did not additionally construct alternative summary
features such as cohort-level CNA frequency, because our
focus in this paper is subject-specific prediction directly from
each patient’s genome-wide CNA profile once comparable
CNA estimates have been obtained. A systematic investigation
of the impact of alternative preprocessing choices, including
different normalisation or segmentation procedures, would be
valuable but is beyond the scope of the present methodological
study.

B. Sparse logistic regression

In this section we describe the logistic regression model
that we consider. This approach is still within the con-
text of generalised linear models with random effects
[Lee and Nelder (1996)], [Lee et al. (2006)]. Before we out-
line the proposed model, we denote first the notation that we
shall use here. Let y; be the ¢-th patient’s tumour subtype,
either as squamous carcinoma (coded as ‘1’) or adenocarci-
noma (coded as ‘0’), where ¢ = 1,2,...,n. We assume that
the random variable associated with the i-th patient’s tumour
subtype is assumed to follow a Binomial(1,u;) distribution.
Denoting p = (u1, o, - . -, fin ), we model the mean vector

h(p)

where h(-) is a logit link function that applies element-wise,
X is a matrix of (fixed) predictors of size n X p, § is a p-
vector associated with the predictors in X, Z is a matrix of
size n X q of CNA from those n patients, where ¢ is the
number of genomic windows in each patient, and b is a ¢-
vector of random effects. In our application, X here is taken
as a matrix of (clinical) predictors that contain a vector of ones
for a (fixed) intercept.

The random effects b in many general applications are
assumed to follow a normal distribution with mean zero and
some variance, i.e. b ~ N(0, D()), where D(0) = 61,, fis a
variance parameter (or tuning parameter), and I, is an identity
matrix of size ¢. This formulation of b is considered as the
ridge model [Kawaguchi et al. (2022)]. However, it is well
known that the ridge model cannot produce a sparse solution.
The term sparse here refers to some model parameters that are
estimated as zero while the other parameters are estimated to
be non-zero. Therefore, variable selection is not possible with
this ridge model formulation, which makes it non-applicable
in our case.

To achieve a sparse solution, the lasso model was
previously proposed by [Tibshirani (1996)]. A study by
[Zou and Hastie (2005)], however, indicates that this approach
is problematic when the predictors are correlated, such as in
our case. In particular, they note that the lasso model will
select randomly a predictor to have non-zero estimate in a
correlation block. The authors [Zou and Hastie (2005)] pro-
pose an elastic-net model where the lasso model is extended
by including a ridge penalty function. They show that the ridge
penalty function has a “grouping effect” on the estimate, which

= Xp+ 2b, (D

helps the interpretation when the predictors are correlated. In
this study, we propose a new alternative model to produce a
sparse solution and extend it further in the same principle as
the extension of lasso model to the elastic net model.

To proceed with the proposed model formulation, we as-
sume that the random effects b in Equation (1) to follow a
normal distribution such that

bjluj ~ N(0,u;0) (2)

where 6 represents the tuning parameter, = 202, and u; is
assumed further to follow an inverse gamma (IG) distribution
with parameters o and § and mean one. This assumption
indicates the hierarchical structure of the random effects in
the modelling, and a novel approach to the original formula-
tion of [Lee and Oh (2014)] and [Kaymaz et al. (2020)] that
previously used an assumption of gamma distribution on u;.
We find that the use of inverse gamma, instead of gamma
distribution, produces a more stable computation in practice,
which we will revisit in the discussion. Under the inverse
gamma distribution, the probability density function (pdf) of
u; is therefore given by

0% .1 1
where T is the gamma function, I'(« fO Lexp(—t)dt.

The mean of u; is given by E(uj) —1 and, since we set
E(uj;) =1, the above pdf of u; can be rewritten as

exp (_ <O‘u‘j ”) "

Now, « is the parameter that determines the distribution of
p(u;; ) as will be described in Section II-C.

Within the framework of hierarchical likelihood (h-
likelihood) [Lee and Nelder (1996)], [Lee et al. (2006)] and
following [Lee and Oh (2014)], we can express the Equa-
tion (2) as

pluj;a) = (anal))a u; ot

bj = /T (5)

Here, 7; equals 202u; and e follows the standard normal
distribution (e ~ N (0, 1)). Using the log-link, it can be written
as

log(7;) = log (202 + v;i), (6)

where v; = log (u;).

The joint log likelihood of (3,60,b) of the logistic
regression model in Equation (1) can be expressed as
[Lee and Nelder (1996)], [Lee et al. (2006)]

£(3,0,b) = log p(y|b) + log p(b). (7

The term logp(y|b) is the log likelihood function of the
logistic regression model

logp(ylb) = > {yilogpi + (1 —yi)log (1 — i)}, (8)
=1

where
pi = (1+exp {—~(XT8+270)}) "
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and X; and Z; are the i-th row of X and Z, respect
Furthermore, log p(b) gives the hierarchical log likelihor
the random effects expressed by Equation (2) such that

q q
logp(b) = Y _log p(bjlu;) + > log p(u;)
i=1 i=1

where

—_

b2
log p(bjlu;) = ) {log (4mo?) + log uj + 202ju- } (10)
j
and

alog (o —1) —logT'(a)
—(a+1)logu; — (v — 1) /uy.

logp(u;) =
(1)

C. Parameter estimation

We now describe the estimation of 3, b, and 6. In prin-
ciple, the estimation of S and b is done on a fixed 6
using an iterative weighted least squares (IWLS) algorithm.
The estimation of # is done separately by identifying the
value of # that minimises the Akaike’s information criterion
(AIC) across different values of # as described below. It is
important to note that, in the above formulation, « is set
in advance (fixed) and it is not a parameter to estimate. At
a fixed 6, the estimation of 8 and b is done by maximis-
ing the profile h-likelihood function [Lee and Nelder (1996)],
[Lee et al. (2006)], [Lee and Oh (2014)]

L,(3,0,b) = log p(y[b)|u=a + log p(b)|u=a-

To obtain u;, we identify the solution of 9¢,/0u = 0
[Lee and Oh (2014)] and this gives

4y = iy (b)) = —— % a1

iy = j)_m_’_g)(w—’_ (a — )>~
In Equation (13), u; is only a function of b; because this
calculation is performed at a given # (§ = 20?), in addition
to a given a.

The choice of o determines the type of solution for b. In
Equation (13), @i; goes to one as « goes to infinity (o —
00) in limit terms. Therefore, the penalty function log p(b) in
Equation (7) is proportional to that on the ridge model, or

12)

13)

b?. (14)

q
=1

log p(b) o

J
On the other hand, when « goes to one (from the right) in limit
terms, the penalty function log p(b) in Equation (7) produces a
sparse solution on b. This can be visualised better in Figure 2.
The shape of the penalty function log p(b) for oo = 10 already
resembles that of a ridge penalty (i.e. quadratic shape). When
o = 1.1, the shape of logp(b) starts put more penalty to b
than the ridge penalty around zero. When « is very close to
one (in our case we use « = 1.00001), the penalty function
log p(b) produces a sparse solution for b because the function
immediately penalise severely the estimates in the vicinity
of zero. With this shape of logp(b), we expect that many
estimates will be penalised to zero while still allowing some

HLIG, a=10 HLIG, a=1.1 HLIG, a=1.00001

0 0 0
b b b

Fig. 2. The shape of penalty function log p(b) for different o values

estimates to be estimated away from zero. This is the type
of solution we aim to achieve and, for practical purposes, we
call this as hierarchical likelihood with inverse gamma (HLIG)
model.

To proceed with the estimation of 5 and b using IWLS, we
denote A = § and denote W = diag(ﬁ%) as a diagonal matrix
of size ¢ x ¢ whose (diagonal) elements are the inverse of ;.
Then, the mixed model equations [Lee and Nelder (1996)],
[Lee et al. (2006)], [Pawitan (2013)] can be obtained by dif-
ferentiating ¢,,(3,6,b) in Equation (12) with respect to § and
b at fixed 6

XTy—1x XTyx=17 B\  [(XTu-ly
Zty=1Xx ZTs=1Zz4+xw)\b)  \zZTs"ly )"
Here, X is an n x n diagonal matrix with diagonal elements

i = wi(1 — p;) and Y is a working vector whose elements
are given by

Yi — M
pi(1 = i)

Therefore, S and b can be estimated iteratively by solving
the following equations simultaneously (at fixed \)

Y, =X."8+Z" b+

B=(XTo1x)1XTo~Y(y — 2b),
b= (ZTS71Z + W) 12T~ (Y — X}3).

5)
(16)

To estimate A = 5, we calculate AIC = —2logp(y|b) +
2df where df = trace{(ZTX71Z + \W)~1ZT¥~1Z} for
different values of A and identify A that minimises AIC
[Pawitan (2013)].

D. Extension to HLIGnet model

As mentioned above, the HLIG model is expected to
produce a sparse estimate of b. However, to deal with the
correlation of CNA between neighbouring genomic windows,
we need to extend the model in the same principle as that of
[Zou and Hastie (2005)] when they extended the lasso model
[Tibshirani (1996)] to elastic-net model. The elastic-net model
was introduced to deal with the sparse estimate produced by
the lasso model when dealing with correlated predictors by
adding an additional ridge penalty function to the lasso penalty
function. In our study, we also extend the HLIG penalty
function by adding the ridge penalty function. The addition
of the ridge penalty within the HLIG modelling framework is
possible because the ridge penalty function can be achieved
by setting @ — oo (or, “’large enough™) and the sparse HLIG
solution is achieved when o — 1 in limit terms (in practice,
we set a = 1.00001). So, both penalty functions can be
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expressed within the HLIG modelling framework. We denote
the resulting penalty function as HLIGnet model.

To proceed, the addition of the ridge penalty function is
done by assuming that the random effects b follow a mixture
distribution with a density function

pHLIGnet(b) = 0(97 C)p(b; Uqy a)cp(b; Uay s 0)1—(: 17

where C(6,c¢) is the normalising constant, ¢ is the mixture
proportion 0 < ¢ < 1, o is set to one in limit terms (HLIG
penalty function), and «, is set ‘large enough’ (g — o0, ridge
penalty function). It is important to note that C'(6, ¢) does not
depend on b. This is important when we wish to identify @ as
described below.

The log likelihood of the HLIGnet model can therefore be
defined as

EHLIGnet (/Ba 05 b)

where log p(y|b) is the log likelihood of the logistic regression
model in Equation (8). The hierarchical log likelihood on the
random effects can be written as

= Ing(y|b) + longLIGnel(b)’ (18)

10g Pyt i () Pa, (b) + (1 = €)pa, (b) +log C (6, ¢)
= logC(6,c¢)
q q
+C{ > logp(bjltja,) + Y logp(uj,al)}
Jj=1 j=1
q
#1103 owpltylus)
j=1
q
+> logp(uj,%)} (19)
j=1
where
1ng(b‘|u‘ ) —1{1Og(4ﬂ'0‘2) —i—]ogp(u. ) + L
e 2 7o 202U] a1

log p(bj|uj.as,)

log p(uj,a, ) ag log(ag — 1) —logT'(aq)
-1
(a1 + 1) log(a,) — 21
Uj, o0
log p(,c,) azlog(ag — 1) — log I'(az)
-1
—(ag +1)log(uja,) — (azi).
uj70(2

Given (ai,as,0), the estimation of S and b is done
using the profile  h-likelihood [Lee et al. (2006)],
[Lee and Nelder (1996)], [Lee and Oh (2014)]

Ep,HLIGnel(B? 9? p)

Following [Lee and Oh (2014)], we obtain 1, as a solution to
U (Op micw/Ou = 0) and this yields

a; = a(by) = ca(bj, ), +(1—c)ulbs, az)|, 2D

where

=log p(y|b)|,_; + 108 Prwica (b) | ,_, - (20)

2

a(bj,al) = W]OQ, ’[L(blj,ag) =1 (22)

(a) Varying c in HLIGnet (b) Varying o

10 10
\ ———--HLG \
+  ridge
8 c=0.75 8
c=0.5
~ 6 ~ 6
£ O\ £ \
=l 4 N\ = 4 \
O\ N
N\ \\\\\
2 NN 2
0 = 0
10 -5 0 5 10 10 -5 0 5 10
b b

Fig. 3. The shape of u; as a function of b;, given a fixed 6 (or, equivalently
2) for (a) different values of c¢ in the HLIGnet and (b) different values of
a’s.

Figure 3 shows the shape of #; as a function of b;. Note that
in the IWLS, the matrix W is a diagonal matrix, whose diag-
onal elements are 1/u;, for j = 1,2,...,¢. Hence, the lower
1; is, the more penalty that is imposed on b; in its estimation.
In Figure 3(a), for different values of mixing proportion c, the
figure shows that the HLIGnet model transforms into the ridge
model when ¢ = 0 and the HLIGnet model will be the HLIG
model when ¢ = 1. In the ridge solution, the fact that u; = 1
for different values of b; indicates that the penalty is applied
in equal amount. In the HLIG model solution, there is a huge
penalty imposed around zero, and still ‘allow’ the estimates
of b; to be away from zero. In the implementation of IWLS,
if 4i; is zero, we add a small constant (107%) to 45 to avoid
singularity. As a result, the estimate 5]- cannot be exactly zero
in the iteration. Therefore, when Bj is small enough (e.g. 10~°)
in IWLS, we set the estimate to zero. Figure 3(b) indicates
the shape of function of u; as a function of b; for o =1 and
o — 00. As we have described above, we can infer that the
former gives HLIG sparse solution while the latter gives the
ridge solution.

E} Simulation study

To understand the proposed models’ working characteris-

1
— =< log(4m0?) + log p(tj 0, ) + =——5—tigs, we perform a simulation study. In principle, we first
2 20 u] as

mulate CNA datasets, including the (simulated) tumour
pathological subtype. Subsequently, we fit different models
to the simulated data, including the proposed models, as
described further below. From this process, we are able to
identify, first, the sensitivity and specificity of the random
effects estimates and, second, the prediction error using cross-
validation, across different simulation settings (the terms sen-
sitivity and specificity in our context are described below).

The CNA data are generated as follows. A matrix of copy
number ratios [Gusnanto et al. (2012)], denoted Z* of size
n = 100 x 1000 = ¢ are generated as Z* ~ MVN(0, ¥)
where MVN is the multivariate normal density function and
¥ is 1000 x 1000 covariance matrix. For a known K’, the
covariance matrix is defined as

Ui Uy 0 cee 0
Wop Woy Woz - 0
v— |0 W3 WUz -- 0 (23)
0 0 0 Uy
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This indicates that the variables of Z* (corresponding to
genomic regions) are block structured. For the diagonal blocks,
Wy is of size K x K, K = (1000/K"), k = 1,2,...,K’,
and is defined as

I p p
p 1 p
Upr = |. )
pp...l

with p = 0.9. This high correlation within a diagonal block
reflects the case we observe in real data. For the one-off
diagonal blocks, we define Wy, 41) = W (x41); of size K X K,
k=1,2,...,K'—1, as

T r T

T T T
Yikt1) = Ygnr = :

T r T

We consider two different values of 7 in this simulation study:
r = 0 and r = 0.4. The first case indicates that the covariance
matrix W is a block diagonal matrix with independent blocks.
The second case indicates that W is a block diagonal matrix
with correlated blocks. The latter setting with r = 0.4 reflects
better the characteristics that we observe in the real data
(Figure 1).

After the matrix of copy number ratios Z* is generated, we
perform a circular binary segmentation [Olshen et al. (2004)]
on each row of Z* (corresponding to each patient). The
segmented lines, as a result of the segmentation, are in essence
the simulated copy number alterations and summarised in a
CNA matrix Z (still of size n x q).

For the purpose of this simulation study, we consider three
different values of K: 10, 20, and 40. This corresponds to
different numbers of correlation block in W¥: 100, 50, and
25 (respectively). To simulate the true tumour pathological
subtype for patient ¢, + = 1,2,...n, we generate the mean ;
* exp{Zib}

Hi= 17 exp{Z;b}

and the subtype y; is generated as Binomial(1, u;) distribution.
The true random effects b = {b, } here are generated according
to two different scenarios:

o Scenario A: b; is set equal to 1 for the first K variables,
-1 for the second K variables, and zero everywhere else,
or

b=(1,1,...,1,-1,-1,...,-1,0,0...,0)T.
—_— —

K K

o Scenario B: b; is set equal to 1 for the first variable
within the the first X variables, -1 for the first variable
within the second K variables, and zero everywhere else,
or

,0,0,0...

b=(1,0,...,0, ,0)T.
N———r

K K

~1,0,...
—_———

In scenario A, the truly associated variables are those in the
first two segments (correlation blocks in V) and take the whole

segment. In scenario B, the truly associated variables are only
a ‘singleton’ in each of the first two segments of correlated
variables in Z.

Once the simulated data are created, we fit four different
models: lasso (L1), HLIG, elastic net (enet), and HLIGnet. The
lasso and elastic-net models are included as the main bench-
mark methods because they are the most established sparse
logistic regression approaches for high-dimensional data, with
the elastic net specifically designed to improve over lasso
in the presence of correlated predictors [Tibshirani (1996)],
[Zou and Hastie (2005)]. This makes them the most directly
relevant comparators for the proposed HLIG and HLIGnet
models, which are constructed within the same logistic-
regression regularisation framework. Each model is fitted to
simulated data under each of combination of settings: (1)
the size of the segments or correlation blocks (K) is 10,
20, and 40, (2) the configuration of truly associated variables
(scenarios A and B above), and (3) the status of the diagonal
blocks in the covariance matrix W (whether they are inde-
pendent or correlated). Overall, there are 12 dataset settings
for each model and we generate independently 100 simulated
datasets for each simulation setting. Each model is fitted to
each simulated data and we calculate (1) the classification error
of prediction from a cross validation, and (2) sensitivity and
specificity of sparse solution across the different configurations
while keeping the overall computational burden manageable. It
is important to note that the sensitivity and specificity reported
here refer to the recovery of the sparse solution, rather than
to the classification of tumour subtype. Specifically, we define
sensitivity as the proportion of truly non-zero random effects
(b;’s) that are correctly estimated as non-zero, and specificity
as the proportion of truly zero random effects that are correctly
estimated as zero. These two quantities are therefore measures
of variable-selection performance, and are useful because our
interest is not only in prediction but also in identifying which
genomic regions are retained in the model. For predictive
performance itself, we report the cross-validation classification
error and the area under the ROC curve (AUC), although the
latter is presented in the Supplementary Material.

It is important to note that some settings of the simulation
study are much more difficult to address than that we find
in real data. This is a deliberate attempt to challenge the
proposed methods close to their practical limits in predicting
tumour pathological subtype while at the same time identifying
important genomic regions. For example, we have a very high
level of correlation within the correlation block. Furthermore,
the two different scenarios (A and B) represent two different
extremes: scenario A indicates that the true effects cover the
whole correlation block while scenario B indicates that the
true effect is only on one variable within a correlation block.
Identifying the one true effect within the correlation block in
scenario B will be extremely difficult since the other variables
within the block are equally good.

III. RESULTS

A. Simulation data

The results of the simulation study in terms of prediction
error (from cross validation) are presented in Figures 4 and
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5. Figure 4 shows the prediction errors of different models
across 100 simulated datasets generated under independent
correlation blocks. Overall, the figure indicates that the pre-
diction error under the HLIG model is comparable to that
under L1 model, and the prediction error of HLIGnet model
is always better than that under Enet model. Under scenario
A, the prediction error for HLIGnet model is always higher
than those of L1 and HLIG models, although, in scenario B,
the prediction error for HLIGnet model is better than or at
least comparable to those of L1 and HLIG models.

Scenario A, Block size 10 Scenario A, Block size 20 Scenario A, Block size 40

o 204 = T o 204 ° l;l ! o 20 . T
e — B . + B3
s B H - ; 10 : : ; 10 - ;
o El — o —/— T o —— T
Scenario B, Block size 10 Scenario B, Block size 20 Scenario B, Block size 40
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Fig. 4. Classification error (in percent) of logistic regression models with lasso
penalty (L1), HLIG penalty (HLIG), elastic net penalty (Enet), and HLIGnet
penalty (HLIGnet) from 100 simulated data under different simulation settings
when the diagonal blocks of the data covariance matrix are independent (r =
0). The results for correlated diagonal blocks are presented in Figure 5. Top
row is for scenario A, and bottom row is for scenario B. Left to right columns
correspond to increasing block size. Further details of the simulation settings
are described in the main text Section II-E.
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Fig. 5. Classification error (in percent) of logistic regression models with lasso
penalty (L1), HLIG penalty (HLIG), elastic net penalty (Enet), and HLIGnet
penalty (HLIGnet) from 100 simulated data under different simulation settings
when the diagonal blocks of the data covariance matrix are moderately
correlated (r = 0.4). The results for independent diagonal blocks are
presented in Figure 4. Top row is for scenario A, and bottom row is for
scenario B. Left to right columns correspond to increasing block size. Further
details of the simulation settings are described in the main text Section II-E.

Figure 5 shows the prediction errors of different models

across 100 simulated datasets generated under correlated cor-
relation blocks. For scenario A, Figure 5 indicates that the
prediction error under the HLIG model is comparable to that
under L1 model, and the prediction error of HLIGnet model
is always better than that under Enet model. Furthermore,
the prediction error for HLIGnet model is always higher than
those of L1 and HLIG models. This is similar to the pattern
seen in Figure 4. In scenario B, however, the prediction error
for HLIG and HLIGnet models is better than L1 and Enet
models when the block size is low. When the block size is
high, the prediction error for both models is comparable to
that of L1 model. Indeed, in scenario B, the prediction error
of the models considered in this simulation study tends to
be comparable when the correlation block size is high. It
is important to note that the simulation setting of correlated
diagonal blocks in the covariance matrix is closer to the
situation that we observe in the real data.

In our context, classification error remains the primary
predictive metric because the practical objective is to min-
imise incorrect subtype assignment. We also report the AUC
as a complementary threshold-independent measure of dis-
crimination in the Supplementary Material. However, AUC
should be interpreted with caution, as it summarises per-
formance over all possible thresholds and does not directly
reflect the error rate at the decision threshold used in prac-
tice [Verbakel et al. (2020)], [Janssens and Martens(2020)],
[Hand(2009)].

Furthermore, Table I shows the sensitivity and specificity of
the random effects estimates for L1, HLIG, Enet, and HLIGnet
under different simulation settings. The table indicates that the
L1 and HLIG models have relatively high specificity, but low
or moderate sensitivity, with the sensitivity of HLIG model
is lower than that of L1 model. This is as expected because
HLIG model produces much sparse estimates than L1 model
does: The HLIG penalty function puts much faster and greater
penalty than that of L1 penalty as the parameters are estimated
away from zero (see Figure 2). Furthermore, the sensitivity
for Enet and HLIGnet models is in general very high with
moderate specificity. The inclusion of the ridge penalty in the
both models has a ‘grouping effect’ as previously noted by
[Zou and Hastie (2005)]. In the solution, the random effects
estimates from correlated variables tend to group together. This
is the main reason for the high sensitivity. However, this comes
at a price on the specificity, as it goes down from that in the
L1 and HLIG models.

Although the sensitivity for the HLIG model is lower than
that of L1 model, this does not necessarily translate into worse
prediction as shown in Figures 4 and 5. Similarly, the high
sensitivity of the Enet model does not necessarily translate into
better prediction. In fact, both figures indicate that the Enet
model has the worst prediction error in a cross validation.
As noted above, the HLIGnet model is more promising in
general in the context of correlated correlation block (Figure 5)
where it strikes a good balance between sensitivity, specificity,
and prediction error. It is important to note that the low
sensitivity of the HLIG model in this simulation shows the
limit of the methodology when dealing with such a challenging
simulation setting: other variables are considered equally good
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TABLE 1
SENSITIVITY AND SPECIFICITY (WITH STANDARD ERROR) OF THE
DIFFERENT LOGISTIC REGRESSION MODELS WITH LASSO PENALTY (L1),
HLIG PENALTY (HLIG), ELASTIC NET PENALTY (ENET), AND HLIGNET
PENALTY (HLIGNET) FROM 100 SIMULATED DATA ACROSS DIFFERENT
SIMULATION SETTINGS.

Block | Methods Independent block
Size (penalty) Scenario A Scenario B
Sens. | Spec. Sens. | Spec.
L1 0.624 0.969 0.535 0.890
(0.019) | (0.001) | (0.015) | (0.003)
HLIG 0.110 0.999 0.105 0.993
10 (0.005) | (0.000) | (0.020) | (0.000)
Enet 1.000 0.374 1.000 0.292
(0.000) | (0.006) | (0.000) | (0.005)
HLIGnet | 0.978 0.511 0.750 0.410
(0.008) | (0.009) | (0.025) | (0.007)
L1 0.470 0.962 0.425 0.903
(0.017) | (0.002) | (0.018) | (0.003)
HLIG 0.053 0.999 0.070 0.995
20 (0.003) | (0.000) | (0.017) | (0.000)
Enet 1.000 0.370 1.000 0.294
(0.000) | (0.007) | (0.000) | (0.006)
HLIGnet [ 0.962 0.469 0.730 0.383
(0.011) | (0.009) | (0.025) | (0.008)
L1 0.383 0.957 0.400 0.895
(0.019) | (0.003) | (0.020) | (0.003)
HLIG 0.078 0.999 0.075 0.996
40 (0.002) | (0.000) | (0.018) | (0.000)
Enet 0.998 0.328 1.000 0.315
(0.001) | (0.010) | (0.000) | (0.009)
HLIGnet [ 0.938 0.441 0.815 0.354
(0.014) | (0.012) | (0.024) | (0.009)
Block | Methods Correlated block
Size (penalty) Scenario A Scenario B
Sens. | Spec. Sens. | Spec.
L1 0.641 0.953 0.500 0.893
(0.019) | (0.002) | (0.000) | (0.002)
HLIG 0.106 0.999 0.085 0.992
10 (0.005) | (0.000) | (0.019) | (0.000)
Enet 1.000 0.386 1.000 0.244
(0.000) | (0.009) | (0.000) | (0.005)
HLIGnet | 0.954 0.492 0.725 0.339
(0.012) | (0.009) | (0.025) | (0.006)
L1 0.470 0.951 0.450 0.910
0 0.021) | (0.002) | (0.017) | (0.002)
HLIG 0.057 0.999 0.050 0.994
(0.005) | (0.000) | (0.015) | (0.000)
Enet 1.000 0.313 1.000 0.239
(0.000) | (0.007) | (0.000) | (0.005)
HLIGnet [ 0.943 0.410 0.715 0.309
(0.012) | (0.008) | (0.025) | (0.007)
L1 0.373 0.953 0.425 0.899
40 (0.020) | (0.002) | (0.018) | (0.003)
HLIG 0.027 0.999 0.060 0.994
(0.002) | (0.000) | (0.016) | (0.000)
Enet 0.997 0.264 0.995 0.224
(0.001) | (0.009) | (0.005) | (0.007)
HLIGnet [ 0.907 0.375 0.730 0.264
(0.017) | (0.010) | (0.025) | (0.008)
Figures in brackets are their respective standard errors. All figures are

rounded to three decimal digits. We define sensitivity as the proportion of
truly non-zero random effects (b;’s) that are correctly estimated as non-zero,
and specificity as the proportion of truly zero random effects that are
correctly estimated as zero. Further details are on the simulation settings are
described in the main text of Section II-E.

for prediction due to their correlation. Nevertheless, the HLIG
model is still able to achieve comparable prediction error to
that of the L1 model, even with the ‘wrong’ variables in the
model.

B. Lung cancer data

We now present the results of fitting the proposed models
to the lung cancer data.

TABLE 11
THE ESTIMATES (FIXED EFFECTS), STANDARD ERRORS (Std. Err.),
2z-VALUES, AND STATISTICAL SIGNIFICANCE OF Age AND Sex FROM HLIG
AND HLIGNET MODEL FITTINGS IN THE LUNG CANCER DATASET.

Term Estimate  Std. Err.  z-value  p-value
HLIG model

Intercept -8.408 14.155 -0.594 0.552
Age 0.182 0.190 0.957 0.338
Sex -3.487 2.374 -1.469 0.142
HLIGnet model

Intercept -12.802 36.287 -0.352 0.724
Age 0.058 0411 0.141 0.888
Sex -1.717 5.554 -0.309 0.757

Table II presents the estimates of the fixed effects (B\) and
their significance. The table indicates that Age and Sex are not
significant in the lung cancer data to distinguish the two sub-
types in both HLIG and HLIG models. In a larger population-
based study, we usually identify a difference in the subtype
incidence among males and females [Guarga et al. (2021)].
With limited number of patients in our study, the power to
identify these differences is arguably too low.

The estimates of the random effects (l;) for HLIG and
HLIGnet models are presented in Figure 6. As a comparison in
terms of the type of solution produced, the figure also shows
the estimates under the lasso (L1) and elastic-net models
[Zou and Hastie (2005)]. For the HLIG model, there are only
four non-zero estimates and 17,567 zero estimates out of
17,571 predictors (genomic windows). They correspond to
genomic windows in Chromosomes 3, 14, 17, and 20. As
a comparison, the lasso (L1) model produced 112 non-zero
estimates (approximately 0.64%) and 17,459 zero estimates.
They correspond to genomic windows in Chromosomes 3, 5,
9, 14, 17, and 20. The non-zero estimates under HLIG model
are either also estimated as non-zero under the lasso model,
or have a non-zero estimate nearby. Moreover, the sign (of
the random effect estimates) under the HLIG model is also
consistent the corresponding estimates under the lasso model.

Figure 6 also presents the random effects estimates for
HLIGnet model. The figure shows that there is one predictor
whose estimate is relatively large (relative to the rest of
the estimates). When we look into the range of majority
of the estimates (zoom in”), the figure for HLIGnet model
indicates that there are 9,746 zero estimates (approximately
55.5%) and 7,825 non-zero estimates (approximately 44.5%).
This is in contrast to the figure for the Elastic-net model, in
which there are only 26 genomic windows with zero estimates
(approximately 0.15%). The figure for the Elastic-net model
suggests that the estimates are closer towards ridge model
solution than lasso model solution. It is important to note
that the non-zero estimates of the HLIGnet exhibit ‘grouping
effect’ [Zou and Hastie (2005)] because of the addition of the
ridge penalty to the HLIG penalty. In fact, there are 248 groups
of non-zero estimates. The definition of ‘group’ here is cluster
of consecutive non-zero random-effects estimates (along the
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HLIG

HLIGnet (zoom in)

Fig. 6. Estimates of the random effects ( b) from logistic regression for HLIG,
lasso (L1), HLIGnet, and elastic-net (Enet) models.

genome). It is interesting to note that the number of predictors
non-zero estimates in HLIGnet model (7,825) is very close
to the number of genomic regions to differ between the two
groups identified by powerful two-sample tests as noted by
[Telford et al. (2020)] who previously worked on the same
data. They are 7,981, 7,868, and 7,558 genomic regions for
Cramer test, Anderson-Darling test, and Cramer-von Mises
test, respectively.

Because one of the practical motivations for sparse solution
is biological interpretability, we further examined the selected
genes from the TCGA oesophageal cancer and lung cancer
analyses because both datasets already contain CNA informa-
tion at the gene level. A focused functional interpretation of
the regions identified by HLIG and HLIGnet in the TCGA
datasets is provided in the Supplementary Material. These
annotations are intended to illustrate the biological plausibility
of the selected features and to highlight candidate regions
for follow-up investigation, rather than to claim that they are
already validated stand-alone biomarkers.

In terms of predictive ability of those models, we consider
a five-fold cross-validation to calculate the classification error
across different values of tuning parameter A. Although one
can use this as a method to identify optimal A (as an alternative
to AIC above), the purpose here is simply to understand the
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Fig. 7. Cross-validation classification error from logistic regression for lasso
(L1), HLIG, elastic-net (Enet), and HLIGnet models on the lung cancer data
(across different values of \).

characteristics of prediction error across the tuning parameter.
For example, is the predictive ability of the models is sensitive
to the value of A\? The results of the cross-validation are pre-
sented in Figure 7. The figure indicates that both the lasso (L.1)
and HLIG models tend to have relatively higher classification
error than those of elastic-net (Enet) and HLIGnet. The error
of lasso model is relatively low for low A and increase substan-
tially after a point. In comparison, the error of HLIG model
tend to stay moderate across A. The classification errors for the
elastic-net and models are much improved compared to those
of the lasso (L1) and the HLIG models. This indicates that the
addition of the ridge penalty to the lasso and HLIG models
managed to address our concerns on the correlation between
predictors (genomic regions), although we observed in Figure
6 that the solution produced by the elastic net model falls
short to produce sufficiently sparse solution. From a practical
perspective, Figure 7 highlights an important trade-off between
predictive accuracy, tuning robustness, and interpretability. The
lasso model attains relatively low classification error only over
a limited range of small A, after which the error increases
markedly, suggesting that its predictive performance may be
sensitive to the choice of tuning parameter. In contrast, the
HLIG model shows a more stable error profile across A, but
its error remains higher overall, indicating that the gain in
sparsity may come at the expense of prediction. The elastic-net
and HLIGnet models achieve consistently lower classification
errors, which is practically important when the aim is to reduce
subtype misclassification. However, Figure 6 shows that the
elastic-net solution is only weakly sparse, whereas HLIGnet
still retains substantial sparsity and grouping of neighbouring
genomic regions. Therefore, for routine application, HLIGnet
appears to offer the most useful compromise: it improves
predictive performance while preserving a level of model
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parsimony that aids biological interpretation.

IV. DISCUSSION

We have investigated logistic regression models with ran-
dom effects for prediction of tumour subtypes in the context
of genomic CNA data. The proposed formulation enables a
sparse solution while performing prediction with good oper-
ating characteristics. [Zou and Hastie (2005)] have previously
noted that lasso model has some drawbacks in dealing with
correlated data. Our study supports this assessment and our
results indicate that both lasso and HLIG models are less
than optimal when dealing with correlated data. Only after the
inclusion of ridge penalty in the model to create elastic-net
[Zou and Hastie (2005)] and HLIGnet models, respectively,
the performance of the models improves. We find that the
elastic-net model produces a less-than-satisfactory sparse so-
lution as only a small proportion of the predictors are zero
estimated. The HLIGnet model, on the other hand, strike
a good balance between sparse solution, ‘grouping effect’
[Zou and Hastie (2005)], and a good prediction. We recom-
mend to consider the HLIGnet model for routine analysis,
if prediction performance and interpretation are the main
considerations.

In terms of methodology, the use of inverse gamma
distribution in the model hierarchy has similar results to
the original use of gamma distribution [Lee and Oh (2014)],
[Kaymaz ef al. (2020)] in terms of creating a sparse solution
and an extension to deal with spatial correlation. We view this
novel approach as an alternative formulation, and it demon-
strates the generalisability and flexibility of the h-likelihood
formulation [Lee and Nelder (1996)], [Lee et al. (2006)]. Al-
though the original gamma distribution assumption gives a
stable computation for a range of tuning parameters, our ex-
perience suggested that the use of inverse gamma distribution
in the assumption gives a stable computation for a wider range
of tuning parameters and starting values. This is an advantage
in practical application when we consider different datasets
with different tuning parameters.

Although we illustrate the application of the methodology in
the context of CNA data, it is also generally applicable to other
datasets with high-dimensional predictors and exhibit ‘block’
correlation. For example, logistic regression models have been
considered for genome-wide DNA methylation analysis (see
e.g. [Sun and Wang (2012)], [Choi et al. (2018)]) where the
CpG islands have created correlations. Logistic regressions
models have also been considered for (genome-wide) ge-
netic association analysis on single nucleotide polymorphisms
(see e.g. [Ayers and Cordell (2010) ], [Austin et al. (2013)],
[Prive et al. (2019) ]) that exhibit block correlations due to
linkage disequilibrium. The TCGA analyses demonstrate the
generalisability of the methodology to gene-level copy-number
data. Because the predictor definitions and genomic resolutions
differ, they do not constitute formal external validation of the
Leeds data analysis. We have adopted an efficient method in
the computation to scale up to higher dimensional data by
by ensuring that matrix inversion involves an n X n matrix,
and optimised for vectors in a multi-thread environment. In the

TCGA lung cancer datasets with almost 57 thousand predictors
and 528 patients, the HLIG and HLIGnet model fittings take
up 113 and 71 seconds per value of A, respectively, using eight
cores in the computation. In the TCGA oesophageal cancer
with similar number of predictors and 130 patients, the HLIG
and HLIGnet model fittings take up 27 and 17 seconds per
value of )\, respectively.

The present study focuses on binary subtype prediction
within a logistic-regression framework. An extension to mul-
ticategory outcomes would be a natural next step, for example
through multinomial or cumulative-logit formulations in the
broader generalised linear modelling context. Likewise, richer
clinical covariates, such as tumour stage, anatomical location,
or tumour size, can in principle be incorporated through the
fixed-effects component whenever these variables are available
with sufficient completeness. In the datasets considered here,
however, clinical annotation was limited: the Leeds cohort only
recorded age and sex/gender consistently, and in TCGA the
inclusion of additional clinical variables would have resulted
in a substantial reduction in analysable sample size because
of missing data. We therefore restricted the present analyses
to the covariates available with adequate completeness, while
emphasising that this is a practical limitation of the current
datasets rather than of the proposed model formulation.

An additional advantage of the proposed sparse formulations
is that they facilitate biological follow-up by reducing a
very large set of genomic predictors to a smaller number of
interesting genes. In the Supplementary Material, we provide
focused functional annotations for genes identified in the
TCGA oesophageal cancer and lung cancer analyses, in order
to illustrate the type of biological interpretation enabled by the
sparse solution. We emphasise, however, that the present study
is methodological in scope: the identified genes should be
viewed as hypothesis-generating candidates whose biological
significance and reproducibility require further evaluation in
independent datasets and, ultimately, experimental validation.
In this context, reproducibility may be assessed at several
levels, including recurrence of selected regions across related
datasets, concordance between HLIG and HLIGnet selections,
and consistency with known cancer-related pathways or pre-
viously reported genomic features.

A further potential extension of the proposed framework
is multi-omics integration. In principle, the current formula-
tion can be extended by including additional omics-specific
design matrices, each with its own vector of random ef-
fects, alongside the CNA matrix. For example, copy number
predictors could be analysed jointly with DNA methylation,
SNP, or other genomic-level measurements within the same
generalised linear modelling framework. Such an extension
would be attractive because multi-omics integration has been
shown in the broader literature to improve cancer subtype
classification and to provide a more comprehensive view
of tumour biology [Qi et al. (2021)], [Guo et al. (2023)],
[Kim et al. (2023)], [Itai et al. (2023)]. At the same time, this
would introduce additional methodological issues, including
cross-platform normalisation, missingness across omics lay-
ers, and the choice of regularisation structure across dif-
ferent data blocks. For this reason, we regard multi-omics
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HLIG/HLIGnet modelling as a promising direction for future
work rather than an objective of the present study. A broad
range of classification methods was previously evaluated using
the Leeds CNA data, with logistic regression providing the
best cross-validated prediction among the methods considered
[Gusnanto et al.(2015)]. The present study therefore focuses
on the remaining methodological challenge of combining
prediction with sparse recovery, biological interpretation, and
fixed-effect inference within the logistic-regression framework.

Lastly, we recognise that other machine learning methods,
including random forests, boosting methods, and deep
learning, may also be considered for prediction from genomic
data. However, these approaches address a somewhat
different modelling objective from that of the present
study. In high-dimensional genomic settings, random
forests are known to face difficulties in variable-importance
assessment and feature selection when predictors are strongly
correlated, while deep learning methods often require
additional representation learning, feature extraction, or
data-balancing strategies to cope with small-sample, high-
dimensional inputs and can be less transparent in biological
interpretation  [Strobl et al. (2007)], [Darst et al. (2018)],
[Gregorutti e al. (2017)], [Miotto et al. (2018)],
[Shen et al. (2022)], [Liu et al. (2022)]. Likewise, boosting-
based CNA prediction models in the literature are often
built on engineered summary features such as arm-level
copy-number changes, breakpoints, or CNA signatures, rather
than directly on the original genome-wide predictor set
[Yao et al. (2023)], [Yu et al. (2020)].

In contrast, the purpose of HLIG and HLIGnet is to remain
within a sparse logistic-regression framework so that predic-
tion, sparsity, grouping of correlated regions, and coefficient-
based interpretation can be studied together in a common
model. This also allows clinical covariates to be incorporated
through the fixed-effects component and, in our setting, en-
ables standard inferential summaries for those fixed effects.
For these reasons, a full comparison with deep learning or
boosting approaches would require a separate investigation
with dedicated preprocessing, feature-engineering, and tuning
pipelines, and is therefore beyond the scope of the present
methodological paper.

V. CONCLUSION

This study has suggested that the proposed HLIGnet model
is recommended for prediction and interpretation of tumour
subtypes based on copy number alterations data. The method
is expected to be generalisable for other types of omics data,
where correlated high-dimensional predictors are common.
The HLIGnet model strikes a good balance between sparsity
of the solution that aids the interpretation, and the predictive
ability.
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