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Abstract—Little is known about the biological functions which

are exerted by hormone receptors in physiological conditions.
Here, we made use of the Mouse INtraDuctal (MIND) model,
an innovative patient-derived xenograft (PDX) model, to char-
acterize global gene expression changes, which are triggered
by stimulation of dihydrotestosterone (DHT) and progesterone
(P4) in vivo. Fast and clever mathematical tools are needed to
analyze increasing numbers of complex datasets. We generated
hormone receptor-specific list of genes which were then used to
test the classification performance obtained by different machine-
learning algorithms in the frame of our labelled PDXs RNAseq
dataset. Next to other standard techniques, we consider the
variably scaled kernel (VSK) setting in the framework of support
vector machines. Our results show that mixed schemes obtained
via VSKs can outperform standard classification methods in the
considered task.

Index Terms—Variably scaled kernels, patient-derived
xenografts, hormones

I. INTRODUCTION

Many women are exposed to synthetic exogenous hor-
mones both in the context of hormonal contraception and
hormone replacement therapy. However, little is known about
the physiological effects triggered by hormones in the frame of
normal human breast epithelium, mainly because of the lack
of adequate preclinical models.
Patient-derived xenografts (PDXs) emerged as promising tools
which are able to recapitulate, at least partially, both intra- and
inter-patient heterogeneity.

Here, we take advantage of the Mouse INtraDuctal (MIND)
model, which was previously proven to be a robust PDX
platform to allow for engraftment and establishment of human-
derived cells [19], to study the global gene expression changes
driven by hormones in primary human breast epithelial cells

in vivo. In order to decipher the genomic signature imposed
by different hormones, human-derived cells isolated from
different patients were intraductally injected into the mammary
glands of different host mice and treated with either dihy-
drotestosterone (DHT) or progesterone (P4). Hence, RNA was
isolated from the resulting xenografts and the transcriptome
of the hormone-treated samples compared to the one derived
from untreated control (CTRL) humanized mammary glands,
as assessed by means of RNA sequencing. This approach
allows us to study the main hormone-related transcriptional
changes in a clinically-relevant context.

Machine learning approaches are expanding into many fields
of knowledge, including biology, in order to deal with different
tasks. We hypothesized that hormone-specific gene signatures
derived from hormone-treated PDXs could be used in order
to train machine-learning models which would lead to a bone
fide classification of our RNAseq dataset.

In [2], Variably Scaled Kernels (VSKs) have been intro-
duced in the context of approximation theory. The idea is
to consider a scaling function in order to obtain an upper-
dimensional approximation space.
In [6], this setting has been extended to Support Vector
Machines (SVMs). There, such a method fused standard SVMs
with probabilistic outputs of other classifiers, resulting in
a stacking technique whose peculiarity is the capability of
generating mixed algorithms, which could outperform standard
schemes in classification and feature extraction tasks.

Here, we first analyze the structure of our data using a
clustering technique from the persistent homology framework
[7].

Then, we consider the variably scaled setting in three-class
classification tests, where the involved dataset of PDXs is lim-
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ited in numbers. The good results obtained in the experiments
suggest that such a scheme can be taken in consideration for
future applications in this field.

II. CLINICAL SAMPLES, XENOGRAFTS AND RNASEQ

The cantonal ethics committee approved the study (VD
1865.4). Normal breast tissue was obtained, upon informed
consent, from women undergoing reduction mammoplasties
with no previous history of breast cancer. The samples were
assessed as healthy tissues by the pathologist.

Human tissue was mechanically dissociated and enzymat-
ically digested [20]. Samples were rinsed, erythrocytes lysed
with Red Blood Cell Lysis Buffer and dissociated to single
cells with 0.25% Gibco Trypsin-EDTA for 2 min. Trypsin
was inactivated with PBS/2% calf serum, the cells were
filtered through a 70-µm pore size filter and counted. Sin-
gle cells were therefore intraductally injected in NOD.Cg-
PrkdcscidIl2rgtm1Wjl/SzJ (NSG) mice [19].

Treatments were started by subcutaneous implantation of
hormone-releasing silastic pellets [11]. Sixty days upon start-
ing of the treatment, mice were euthanized and engrafted
mammary glands were snap-frozen for RNA isolation. RNA
sequencing was performed by Illumina HiSeq using 150bp
paired-end run.

To discriminate between reads originated from different
species, sequencing reads were aligned to an In silico Com-
bined human-mouse Reference Genome (ICRG) [5] using
hisat2 (v2.1.0). Finally, human-estimated reads were assigned
to genomic features by featureCounts (v1.6.2) and normalized
using DESEQ2 [14].

III. BIOLOGICAL DATASETS

We exposed the mice bearing the PDXs to either DHT or P4
in order to study the transcriptomic changes associated to the
activation of androgen receptor (AR) or progesterone receptor
(PR) signaling pathways, respectively.

1) The datasetM: The datasetM is composed of 33 sam-
ples: 10 CTRL mice, 10 DHT-treated PDXs and 13 P4-treated
samples. More precisely, different doses of progesterone have
been considered concerning these progesterone-treated mice:
11 have been treated using pellets containing 20 mg of
progesterone, 1 using pellets containing 5 mg of progesterone
and 1 using pellets containing 50 mg of progesterone. Each
sample is described by a number of 10070 genes.
The datasetM was obtained by two separated runs of experi-
ments, therefore a technical bias associated to the two different
batches was found (see Section VI-A).
In order to apply different supervised methods, we label each
sample with one of the following classes: class C1, assigned
to the 10 CTRL tissues, class C2, linked to the 10 DHT-treated
samples, and class C3, assigned to the 13 P4-treated samples.

2) The dataset M̃: We therefore estimated the differen-
tially expressed genes between both DHT and P4, with regards
to CTRL samples, and characterized gene signatures, which
are specific to either hormone, obtaining a list of 23 genes,

which are included in the initial set of 10070 genes. Then,
we consider the reduced dataset M̃ where each sample in M
is described by 23 features, which correspond to the above-
mentioned list.
The described feature selection process is justified, since
considering a restricted number of genes is relevant in order to
guarantee a certain ease of use, which might help us to expand
these approaches to further applications. Hence, we take the
dataset M̃ for our experiments (see Section VI-B).

IV. CLUSTERING WITH PERSISTENT HOMOLOGY

The aim of the following clustering analysis is to highlight
the batch effect that is present in the dataset M and in the
reduced dataset M̃.

We carry out this clustering analysis adopting the tools of
persistent homology. More precisely, 0-dimensional persistent
homology considers a nested sequence of graphs (Gri)i=1,...,m

(also called Vietoris-Rips complex) constructed upon a se-
quence of real numbers r1 < · · · < rm, with m ∈ N, such
that in Gri :
• the nodes are the elements of the dataset;
• two nodes are connected if their pairwise distance is less

than or equal to ri.
Finally, this method takes into account the persistence of
the connected components through the generated filtration
of graphs: the most persistent elements are likely to be
representative of the underlying geometry of the data.

This technique is based upon considerations and results
from algebraic topology. Indeed, the 0-dimensional homology
groups of Vietoris-Rips complices play a central role. For more
details about this technique see e.g. [7], [23].

In Section VI-A, we show the results of such analysis
by means of persistence barcodes, in which the persistences
of the elements are represented as birth-death bars. More
specifically, while all the connected components are generated
at the beginning of the filtration, the different death points
express the relevance of the different elements, namely the
possible presence of clusters in the data. Indeed, large gaps
in length between bars highlight the presence of groups of
data that remain isolated with respect to other groups for a
consistent period in the sequence.

V. VARIABLY SCALED KERNELS

A. Preliminaries

Let Ω ⊆ Rn and let κ : Ω×Ω −→ R be a kernel that can be
decomposed via the Mercer’s Theorem [17] as the uniformly
and absolutely convergent series

κ(x,y) =
∑
k≥0

λkρk(x)ρk(y), x,y ∈ Ω,

where {ρk}k≥0 and {λk}k≥0 are countable sets of eigen-
functions and associated eigenvalues of the operator T :
L2(Ω) −→ L2(Ω), which is defined as

T [f ](x) =

∫
Ω

κ(x,y)f(y)dy.



To our aims, we observe that such a representation can be
reformulated as

κ(x,y) = 〈Φ(x),Φ(y)〉F , x,y ∈ Ω,

where F is the so-called feature space F , which is a Hilbert
space, and Φ : Ω→ F is known as feature map [12].

Let Ξ := {x1, . . . ,xN} be a general set in Ω. When
applying kernel methods such as support vector machines, we
consider the kernel matrix K related to Ξ, which is

Kij = κ(xi,xj), i, j = 1, . . . , N.

The matrix Kij is symmetric and its dimension only depends
on the number of elements of Ξ.

B. Variably scaled kernels for support vector machines

In this subsection we introduce the variably scaled kernels,
summarizing their properties in connection with their appli-
cation in the SVMs framework. For more details, we refer to
[6].

In the following introduction, we consider a binary clas-
sification problem. It is well known that this scheme can be
extended to multiclass classification tasks [3].

Let yi ∈ {−1,+1} be the label associated to xi ∈ Ξ, i =
1, . . . , N . We recall that, in the hard margin formulation, the
SVM algorithm aims to find the hyperplane w ·x+ b = 0 that
“best” separates the two classes by means of the optimization
process

min
w,b
‖w‖22

subject to yi(w · xi + b)− 1 ≥ 0, i = 1, . . . , N .
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Fig. 1. The hard-margin SVM algorithm finds the decision boundary, which
is located at equal distance from the closest elements of both classes. These
nearest elements are also called support vectors.

In applications, the classes are usually not linearly sepa-
rable. In this case, one can admit misclassifications in the
optimization algorithm; this is called the soft margin problem.
Moreover, we can obtain non-linear decision boundaries by
mapping the original dataset via a feature map Φ : Ω → F ,

where F ⊂ Rm is a possibly higher dimensional feature space.
The resulting optimization problem in dual form consists in

maxα
∑N
i=1 αi −

1
2

∑N
i,j=1 yiyjαiαjΦ(xi) · Φ(xj) (V.1)

subject to 0 ≤ αi ≤ C and
∑N
i=1 yiαi = 0, where α =

(α1, . . . , αN ) are the Lagrange multipliers and C > 0 is a
regularization parameter.

By means of a kernel κ : Ω× Ω −→ R that computes

Φ(xi) · Φ(xj) = κ(xi,xj),

one can substitute the computation of the scalar product in the
feature space, which could be infeasible, with the evaluation
of the related kernel. This is the well-known kernel trick.
Moreover, Mercer kernels introduced in Section V-A allows
such a decomposition in terms of a feature map.

Variably scaled kernels have been recently introduced in [2].
Given x,y ∈ Rn and a function ψ : Rn −→ R, the idea is to
consider the kernel

κΨ(x,y) := κ ((x, ψ(x)), (y, ψ(y))) ,

where κ is a kernel on Rn+1 × Rn+1.
Such a scheme has been defined in order to deal with in-
stability issues in the approximation process, by avoiding the
tuning of the so-called shape parameter of the kernel with the
introduction of a proper chosen scaling function. In [8], [9], the
consideration of suitable discontinuous scaling functions, and
so-constructed discontinuous kernels, provided approximants
more accurate with respect to the standard ones.

In what follows, we extend this setting as explained in [6].
We consider a function ψ : Rn −→ Rm, which can be
interpreted as a feature extraction or augmentation map. Then,
we can construct a function Ψ : Rn −→ Rn+m, defined as

Ψ(x) := (x, ψ(x)).

The role of this function is to extend x by including new
features. At the same time, we can define a variably scaled
kernel on Rn × Rn by writing

κΨ(x,y) := κ (Ψ(x),Ψ(y)) ,

where κ is a kernel on Rn+m × Rn+m.
Moreover, if Φ is the feature map associated with κ, the scaling
function Ψ induces a new feature map Θ := Φ ◦ Ψ and the
representation

κΨ(x,y) = 〈Θ(x),Θ(y)〉Fψ .

The kernel κΨ is then a valid Mercer kernel (see [21, Propo-
sition 3.22, page 75])
In our numerical experiments, we consider two widely used
standard kernels: the linear kernel κL and on the Gaussian
kernel κG, which are defined as

κL(x,y) = x · y, κG(x,y) = e−γ‖x−y‖
2
2 ,

where “·” is the scalar product, ‖·‖2 is the Euclidean norm
and γ > 0 is a hyperparameter to be tuned.



In [6], focusing on the two mentioned kernels κL and κG,
it has been shown that the application of the variably scaled
setting is easily implementable and it could lead to kernels
that are more stable and expressive (in the sense given in
[10, Definition 1, p. 8]) with respect to the standard ones.
Moreover, numerical tests suggest that the consideration of
the variably scaled setting in (V.1) with a probabilistic scaling
function can provide better classification results.

Here, we consider a three-class classification problem. Re-
visiting the idea considered in [6], we propose the function

Ψ(x) := (x, P1(x), P2(x)), (V.2)

where Pi(x) is the probability that the element x ∈ M
belongs to the class Ci, with i = 1, 2. In our experiments,
we compute these probabilities by means of three different
classification methods, which are a Naive Bayes (NB) classifier
[16], a K-Nearest Neighbors (KNN) algorithm [1] and a
Random Forest (RF) [4].

In the next section, we consider the reduced dataset M̃
and variably scaled kernels κΨ built upon the scheme (V.2),
comparing them with other classification algorithms.

VI. EXPERIMENTS

Free and open source PYTHON software concerning the
presented variably scaled setting is available at

https://github.com/cesc14/VSK_ML .

The following tests have been carried out using PYTHON 3.6
and the modules scikit-learn [18] and GUDHI [15].

A. Clustering analysis of the datasets

We analyze the structure of both the datasets M and the
reduced M̃.
In Figure 2, by means of the so-called persistence barcode, we
show the results of the persistent homology clustering analysis
for the dataset M.

In Figure 3, we repeat the analysis taking the reduced
dataset M̃, in order to highlight possible differences with
respect to the results concerning the dataset M.

B. Models comparison

Here, we train and test different classifiers via nested 5-fold
cross validation on M̃, dealing with three-class classification
tasks. The purpose of the following tests is to evaluate the per-
formance of variably scaled methods with respect to standard
classifiers.

As standard methods, we test SVMs, NB, KNN and RF.
In the variably scaled framework, we consider the classifiers
SVM-NB, SVM-KNN and SVM-RF. The hyperparameters of
the methods are validated by means of a grid search. More
precisely, concerning the SVM algorithm we tested both linear
and Gaussian kernel and we validated the hyperparameter C ∈
{2i|i = −5, . . . , 5} and, for the Gaussian kernel, γ ∈ {10i|i =
−5, . . . , 5}. Concerning the KNN algorithm, we validated the
number of neighbors k ∈ {1, . . . , 12}. Finally, the validated
hyperparameters in the RF method are the number of trees

Fig. 2. The 0-dimensional persistent homology analysis of the dataset M,
presented via persistence barcodes.

Fig. 3. The 0-dimensional persistent homology analysis of the dataset M̃,
presented via persistence barcodes.

nt ∈ {2i+ 1 | i = 5, . . . , 30} and the splitting criterion, where
both entropy and Gini index have been considered.

In order to evaluate the performance of the different algo-
rithms, we consider the well-known f1-score [22], which is
defined as follows: given the number of True Positive (TP),
False Positive (FP) and False Negative (FN) cases,

f1-score = 2 ∗ precision · recall
precision + recall

,

where precision = TP/(TP+FP) and recall = TP/(TP+FN).
In other words, the f1-score is the harmonic mean between
precision and recall.

We show the results of the experiments in Table I, where
the mean and standard deviation refer to the f1-scores obtained
in the five outer loops of the nested cross validation.

VII. DISCUSSION

In Figure 2, we observe the presence of two long-lasting
connected components in the analysis of M. This evidence



TABLE I
THE F1-SCORES OF THE CLASSIFIERS IN THE PERFORMED TESTS.

Classifier Kernel Mean Std
SVM-KNN Linear 0.94 0.08

SVM Linear 0.90 0.08
SVM-NB Linear 0.90 0.08

SVM-KNN Gaussian 0.90 0.08
SVM-RF Gaussian 0.90 0.08

SVM Gaussian 0.87 0.06
SVM-RF Linear 0.87 0.07
SVM-NB Gaussian 0.87 0.07

RF - 0.84 0.09
KNN - 0.79 0.22
NB - 0.66 0.14

suggests the presence of two clusters in the dataset, which
indeed correspond to the two batches in which the experiment
has been divided, as we verified. This outcome emphasizes the
importance of paying attention to batch effects when dealing
with high-throughput sequencing experiments.

When considering the reduced dataset M̃, we observe that
the batch dependency effect is still present, even if the two
clusters are slightly less dominant with respect to the previous
case. This result indicates that the feature selection procedure
helped in mitigating the batch effect in the original data,
making M̃ more suitable for our classification tests with
respect to M.

The results in Section VI-B show that the variably scaled
setting may improve the performance of standard methods.
In our task, the linear SVM-KNN algorithm slightly outper-
formed the other considered classifiers in classification tasks
concerning the dataset M̃.

Of note, this algorithm misclassified the P4 sample treated
with 5 mg of progesterone and a CTRL sample. We could
not identify any obvious explanations to account for the
misclassification of the CTRL sample and we cannot exclude
this sample being an outlier.

On the other hand, the progesterone blood levels measured
in the mouse treated with 5 mg of progesterone did not
deviate significantly from the endogenous progesterone levels
observed in untreated CTRL mice, as assessed by mass spec-
trometry. Moreover, we failed to detect any other biological
phenotype and therefore we concluded that the progesterone
blood levels obtained in this sample were not different enough
to let this sample deviate from CTRL mice [13].
Concerning the results of the KNN algorithm, the high vari-
ance is mainly caused by a f1-score value of 0.41 obtained in
one cycle of the nested cross validation.

Overall, our results show that machine learning approaches
are well suited for the task of classifying samples derived from
high-throughput RNAseq experiment.

VIII. CONCLUSIONS

Taken together, our data suggest that machine learning-
based approaches are promising tools to classify PDX samples
based on their global gene expression profiles. More specifi-
cally, here we showed that SVMs can take advantage of the

variably scaled setting, and thus the resulting hybrid algorithm
can outperform standard classification methods.

Therefore, this setting can be considered as stable and
reliable for further applications in this field.
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