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Background: One of the challenges in personalized medicine is to determine specific drugs and their dosages for
patient individuals who are undergoing a common disease. The technique of cell lines provides a safe approach to
capture the drug responses of patient individuals when given specific drugs with varied dosages. However, it is still
costly to determine drug responses in cells w.r.t dosages by biological assays. Computational methods provide a
promising screening to infer possible drug responses in the cells of patient individuals on a large scale. Nevertheless,
existing computational approaches are insufficient to interpret the underlying reason for drug responses.

Methods: In this work, we propose an interpretable model for analyzing and predicting drug responses across cell
lines. The proposed model bridges drug features (e.g., chemical structure fingerprints), cell features (e.g., gene
expression profiles), and drug responses across cells (measured by IC50) by a triple matrix factorization (TMF), such
that the underlying reason for drug responses in specific cells is possibly interpreted.

Results: The comparison with state-of-the-art computational approaches demonstrates the superiority of our TMF.
More importantly, a case study of drug responses in lung-related cell lines shows its interpretable ability to find out
highly occurring drug substructures, crucial mutated genes, as well as significant pairs between substructures and
mutated genes in terms of drug sensitivity and resistance.

Conclusion: TMF is an effective and interpretable approach for predicting cell lines responses to drugs, and can dig
out crucial pairs of chemical substructures and genes, which uncovers the underlying reason for drug responses in
specific cells.

Keywords: drug response; drug sensitivity; drug resistance; triple matrix factorization

Author summary: Personalized medicine aims to identify the cause at the molecular level for a given patient and then
tailor treatment for individual. Triple matrix factorization (TMF) algorithm can bridge chemical substructures of drugs and
genes of cell lines to the associated response values by using the bi-projection matrix®, which is an effective and
interpretable approach for predicting cell lines responses to drugs.

INTRODUCTION

Personalized medicine aims to identify the cause at the
molecular level for a given patient and then tailor
treatment for individual [1]. However, the identification
of drug response patterns needs many cancer patients
under the treatment of numerous drugs, it is often not
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feasible in cost and in morality. Recently, the technique of
cultured human cell lines in place of patient samples wins
a lot of concerns [2]. With this technique, the responses of
cell lines to drugs are easily determined by log-
transformed IC50 values, which is defined as the drug
concentration required for 50% inhibition of cell growth.
For example, NCI-60 project generates an ensemble of 60
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cancer cell lines and their responses to more than 100,000
chemical compounds with a low cost [3]. More studies,
such as Cancer Cell Line Encyclopedia (CCLE) [4] and
Genomics of Drug Sensitivity in Cancer (GDSC) [5],
have been developed to facilitate pharmacogenomic
researches by integrating diverse genomic data (e.g.,
gene expression, chromosomal copy number variation).
These studies generate the response data involving more
drugs and more cell lines. Therefore, it is promising to
develop computational approaches to preliminarily screen
response data across cell lines on a large scale. More
importantly, computational approaches can provide a new
sight to elucidate the response mechanism of anti-cancer
drugs [6].

Current computational approaches for predicting drug-
cell responses can be roughly classified into three types:
regression-based, network inference-based and matrix
factorization-based. By assuming that drugs are indepen-
dent, regression-based approaches [6-9] apply Elastic Net
or LASSO to build a regression between gene expressions
and response values in terms of cell lines w.r.t drugs.
However, drugs often are depended because of ‘me-too’
phenomenon. In addition, they neglect drug features.

By integrating the information about drugs and cell
lines to construct a drug-cell line heterogeneous network,
network inference-based approaches use direct neighbors
or higher-order neighbors of nodes to predict drug-cell
line responses. For example, DLN [10] constructs a
weighted prediction model based on direct neighbors in
both a drug similarity network model and a cell line
similarity network model. By integrating gene expres-
sions, drug targets, protein-protein interactions (PPI) and
chemical structure information together to build a
heterogeneous network, HNMDRP [11] applies Informa-
tion Flow-based algorithm [12] on this network to predict
drug responses of cell lines. By integrating response
pattern network and molecular profile network,
NRL2DRP [13] utilizes network representing learning
to extract representation vectors from the response
network, and applies SVM to predict drugs-cell lines
responses. However, as the construction of a network
requires a similarity matrix, derived from drug/cell line
features, these approaches cannot confirm, which feature
contributes to understand or even uncover the mechanism
of drug responses.

Matrix factorization-based approaches (e.g., KBMF
[14] and SRMF [15]) map drug properties and cell line
properties into a common latent space, and suppose that
there is a higher probability of sensitivity response
association between drugs and cell lines if they are closer
to each other in this latent space. KBMF [14] integrates
multiple drug/cell line similarity matrices by multi-kernel
learning, and apply Kernelized Bayesian Matrix Factor-
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ization to predict response associations between drugs
and cell lines. Based on the suppose that similar drugs and
similar cell lines exhibit similar drug responses, SRMF
[15] constructs a share latent space by the prior knowl-
edge on similarities of drugs and cell lines, and proposes a
similarity-regularized matrix factorization for such a
predicting task. However, like network inference-based
approaches, because existing matrix factorization-based
approaches require similarity matrices (or networks), they
discard some information among features, which con-
tribute to interpret drug responses.

In this present paper, we propose a novel Triple Matrix
Factorization (TMF) to improve the prediction of drug
responses and uncover significant features of both drugs
and cell lines, which contribute to drug responses. TMF
associates drug features, cell line features with observed
drug-cell line responses by a bi-projection matrix, of
which each entry indicates how important a pair of a drug
feature and a cell line feature contributes to a correspond-
ing response.

RESULTS AND DISCUSSION
Datasets

Recommended by other state-of-the-art approaches
[11,13—-16], we collected the response entries of drugs
to cell lines from the Genomics of Drug Sensitivity in
Cancer project (GDSC) [5], which consists of 256 test
drugs and a panel of 1001 cancer cell lines in total. Since
aiming to dig out both drug chemical substructures and
genomic properties which may contribute to understand
drug responses to cell lines, we only kept the drugs having
PubChem fingerprint and the cell lines having genomic
profiles except for their response entries. Thus, our dataset
includes 183 drugs, 962 cell lines and 142,451 response
entries between them.

To be fed into our approach, the response entries were
organized into a 183x962 response matrix Y, which
contains partially observed (80.9%) response entries
valued by IC50. In addition, the terms of drug sensitivity
and drug resistance are concerned in specific scenarios.
Usually, the lower IC50, the more sensitivity of a cell line
to a given drug; the larger IC50, the more resistance. In
order to fit these scenarios, these response entries can be
binarized by a specific threshold in terms of drug [6,11].
Moreover, these drugs were represented by PubChem
fingerprints [17] and the cell lines are characterized by a
large scale of genomic expression profiles, which can be
downloaded from http://www.cancerrxgene.org/. In
accordance, the drugs and the cell lines were stacked
into a 183 x 881 drug feature matrix F; and a 962 x
16383 cell line feature matrix F..
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Preprocessing

Before comparing our approach to other state-of-the-art
predictive approaches, we investigate how both the
normalization and the parameters influence the predicting
results. Because drug response values vary significantly
causes computational difficulties, they should be normal-
ized before they are handled further. We consider two
different normalization strategies. The first one is
presented in this work (Formula 1), which consider the
fact that the definition of drug sensitivity/resistance is
specific to drug themselves but not to cell lines. The
comparison to the raw responses shows that all the
response values of the drugs fall into roughly same
numerical ranges (Fig. 1). The drugs, which target the
PI3BK/MTOR signaling pathway, was taken as an illustra-
tion. For example, before the normalization, the minima,
maxima, mean and standard deviation of response values
for GSK2126458 are —8.2429, 1.6761, —2.772 and
1.891, respectively, while the statistical values of PF-
4708671 are —0.3539, 6.898, 3.553 and 1.348, respec-
tively. In contrast, after the normalization, the minima,
maxima, mean and standard deviation of response values
for GSK2126458 are —2.893, 2.352, 0 and 1, respec-
tively, while the statistical values of PF-4708671 are
—2.899, 2.482, 0 and 1, respectively.

Another normalization strategy was presented by [15],
which maps all the response entries into [—1,1] by

= M
i max(abs(y))’

where max(abs(y)) is the absolute maxima among all
response values.
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Figure 1.

After this normalization, all the response values of the
drugs fall into roughly the same distribution as the
original response values but in range [ —1,1] (Fig. 2). The
minima, maxima, mean and standard deviation of the
normalization response values for GSK2126458 are
—0.6439, 0.1309, —0.2165 and 0.1477, respectively,
while the statistical values of PF-4708671 are —0.0276,
0.5388, 0.2775 and 0.1053, respectively.

We further compared the predictions on the raw
response matrix (denoted as Y/), the response matrix
normalized by [15] (denoted as Y2), and the response
matrix normalized by this work (denoted as Y) (Table 1).
The results show that normalization strategies can
improve the performance significantly, and our strategy
can obtain better PCC and PCC_S/R values.

Moreover, during performing the prediction, we
investigated how the parameters of TMF, including the
latent dimension k& and four regularization parameters 4,
Av»Ag,Aq, influence the results. Since both large PCC and
small RMSE(E) reflect a good prediction, we combined
4o PCC_S/R
MEPETTE SR
find the best value of a parameter. As descripted in the
section of “Compared with other state-of-the-art
approaches”, pl is the drug-averaged quotient of PCC
divided by E based all the response values; p2 is the drug-
averaged quotient of PCC _S/R divided by £ S/R based
the response values of sensitive and resistant cell lines.

First, with fixing the values of four regularization
parameters with 1, the influence of & to the performance of
TMEF is tested by tuning its value from a value list of {1, 2,
3,4,5,10, 15, 20,...,100}. The predicting performance of
TMF against k£ (measured bypl, p2) shows that pl and p2

as the metrics to
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Box plot of normalized IC50 value for part drugs in GDSC by using Formula 1. (A) Before normalized. (B) After

normalized. Each box response for a drug, and there are five values to depict the response value about a drug, they are maximum value,
75th percentile, 50th percentile, 25th percentile and minimum value. The red line in box is for median, and the long black line is for the

means of all drugs.
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Figure 2. Box plot of normalized IC50 value for part drugs in GDSC by using strategy in Ref [17]. (A) Before normalized. (B) After

normalized.

Table 1 Results of TMF_yl, TMF and TMF_y2 on
GDSC dataset with 10-CV test

Normalization PCC SR PCC

Yl 0.52 (£0.01) 0.43 (£0.01)
Y2 0.49 (£0.005) 0.65 (£0.009)
Y 0.80 (£0.006) 0.72 (£0.005)

rise quickly when 0 < k< 20, while pl and p2 rise
slowly when 20 < £<50. When k£ > 50, pl and p2 are
almost no change (Fig. 3). Thus, we picked up £=50
accounting for the best prediction performance from test
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as the value of the latent dimension in our TMF. For
different issues and different datasets, the value of £ may
be different.

For those regularization parameters, the values of A,
A, Ag and A, were tuned from the list {0.005, 0.05, 0.5,
1}. As A, and A, are the regularization parameters for
latent response matrices of drugs and cell lines,
respectively. While A; and A, are the regularization
parameters for regression coefficient matrices of drugs
and cell lines, respectively. For the convenience of
calculation, we set same value for A, and A,, 4, and 4.
In terms of pl, the performance w.r.t. the searching grid
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Figure 3. The relationship between the parameter k and pl1, p2for TMF algorithm on GDSC dataset. plis the drug-averaged
quotient of PCC divided by RMSE based all the response values for a series of k; p, is the drug-averaged quotient of PCC divided by RMSE
based the response values of sensitive and resistant cell lines for a series of k.
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Table 2 The performance of TMF in the case of tuning
AushysAg,2. on GDSC dataset

Adhe
Au 71 y
1 0.5 0.05 0.005
1 0.9986 1.0402 1.0326 1.0207
0.5 0.9967 1.0387 1.0241 1.0070
0.05 0.9921 1.0346 1.0127 0.9832
0.005 0.9912 1.0341 1.0111 0.9793

Note: The performance is measured by pl. The regularization
parameters A,,A,,A;,4. are tuned from the list {0.005, 0.05, 0.5, 1}.
pl is the drug-averaged quotient of PCC divided by E based all the
response values for a series of 4,,4,,4,,4..

listed in Table 2 shows the trivial differences. Besides, we
also test different values of 4, 4,, 4, and A., the results
are shown in Supplementary Table S1. From the results,
we can see that with different values of 4, and A,, the
prediction performance is almost same. With different
values of A; and 4., the prediction performance is also
almost same. Here, we set 4,=1, 4,=1, ;=1 and
A =1

Analysis of data noises and incompleteness

This section shows two experiments to investigate how
TMF is robust to noisy data and incomplete data
respectively. First, to simulate noisy data, we added the
Gaussian noise N to the original response matrix Y, such
that Y is changed as Y noise = Y+ (noise_level)* N,
where noise_level is a scale value which is tuned from 0.1
to 0.5 with the interval of 0.05. Since both PCC and small
root mean squared error (RMSE(E)) reflect a good

as the metric to evaluate

prediction, we used pl =

the algorithm performance. The performance against the
noise level (shown in Fig. 4) illustrates that the
performance is robust to the noise when noise level
<20%, but degrades significantly when noise level
>20%.

Secondly, for the analysis of incomplete data, we
masked the observed values in the response matrix Y from
0% to 30% with the interval of 5%. Because there are only
80.9% observed values in the original Y, thus the real rate
of incompleteness is from 19% to 49% accordingly. The
performance against the incomplete rate (shown in Fig. 5)
illustrates that TMF is robust to the incomplete data.

In summary, the proposed TMF is robust to the noises
and incompleteness of data.

Compared with other state-of-the-art approaches

With our normalization strategy and the best parameter,
we compared the performance of TMF with two state-of-
the-art approaches of KBMF [14] and SRMF [15]. The
former is a kernelized Bayesian matrix factorization
algorithm, which used four kinds of information for
drugs, and three kinds of information for cell lines. Each
feature is introduced as a similarity matrix, then three
main parts are included in KBMF algorithm: (1) kernel-
based nonlinear dimensionality reduction; (2) multiple
kernel learning; (3) Bayesian matrix factorization. SRMF
is a similarity-regularized matrix factorization, which
incorporated similarities of drugs and of cell lines
simultaneously. For KBMF and SRMF, the low dimen-
sionality K was set as 45, three regularization parameters
As Ay, A. of SRMF were selected from {273, ...,2%},
{273,...,210} and {273, ..., 21,0} respectively.

Both require similarity matrices as approach inputs.
Thus, to make a fair comparison with them under 10-CV,
we calculate pairwise similarities between drugs (denoted
as Sy, = (s,‘»j),,xn) by Jaccard similarity based on PubChem
fingerprints, and pairwise similarities between cell lines
(denoted as S, = (s§;)uxm) by Pearson correlation based
on their gene expression profiles [11]. The comparison of
drug response prediction shows that TMF is significantly
superior to both KBMF and SRMF in terms of Pearson
correlation coefficient (PCC), E, PCC S/R and E S/R
(Table 3).
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Figure 4. The performance of TMF against the noise level.
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Figure 5. The performance of TMF against the incomplete rate.

Table 3 Results of KBMF, SRMF and TMF on GDSC dataset with 10-CV test

Methods PCC SR E SR PCC E
KBMF 0.59 (£0.14) 2.00 (£0.51) 0.49 (£0.14) 1.59 (£0.42)
SRMF 0.73 (£0.008) 1.33 (£0.01) 0.60 (£0.009) 1.49 (£0.01)
TMF 0.80 (£0.006) 0.93 (£0.003) 0.72 (£0.005) 0.72 (£0.002)

As a case study, we selected the response prediction of
19 drugs targeting genes in the PI3K/MTOR pathway.
The results indicate that TMF obtained higher PCC
(Fig. 6) and lower RMSE (Fig. 7) for these 19 drugs. In
addition, four out of the drugs (AR-42,CUDC-101,
Belinostat and CAY10603) were selected to illustrate
the correlation between observed response values and
predicted values (Fig. 8).

In addition, we adopted an extra drug response dataset,

B SRMF
B TMF

PCC (predicted vs. observed)

CCLE (Cancer Cell Line Encyclopedia), consisting of 23
drugs and 491 cancer cell lines, to further test the
performance of our TMF. The comparison results on
CCLE show that TMF is superior to both KBMF and
SRMF in terms of both PCC and PCC _S/R (Supplemen-
tary Table S2).

Except for matrix factorization-based methods, we also
compared TMF with one regression based methods
MVLR [7] and two network inference-based approaches

PIBK/MTOR pathway

Figure 6. PCC result comparisons of SRMF and TMF for drugs targeting genes in the PI3K/MTOR pathway.
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Figure 8. Scatter plots of observed and predicted drug responses for four drugs AR-42, CUDC-101, Belinostat and

CAY10603.

of HNMDRP [11] and NRL2DRP [13]. MVLR provides
a Bayesian multi-view multi-task linear regression while
both HNMDRP and NRL2DRP only treat the current task
as a classification problem. HNMDRP constructs a
heterogeneous network and utilizes Information Flow-
based algorithm to predict drug response. NRL2DRP

432

applies Network Representation Learning to perform the
prediction.

To make a fair comparison, we adopted the same
datasets, the same cross-validation schemes and the same
performance metrics as those in these methods. Thus, a
small set extracted from GDSC, Leave-one-out cross-

© The Author(s) 2021. Published by Higher Education Press
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validation (LOOCV) and PCC were used in the
comparison with MVLR, while GDSC, 5-fold cross-
validation (5CV) and the area under the receiver operating
characteristic curve (AUC) were uses in the comparison
with both HNMDRP and NRL2DRP. In terms of PCC on
the small set extracted from GDSC, TMF achieved
0.6870, whereas MVLR achieved 0.375. In terms of
AUC, TMF achieves 0.8256, whercas HNMDRP and
NRL2DRP achieve 0.7391 and 0.7882 respectively.
Obviously, TMF outperforms other approaches signifi-
cantly. The comparison shows again that TMF outper-
forms all of MVLR, HNMDRP and NRL2DRP.

Case study of interpretable property of TMF

Both gene expression and drug responses are usually
tissue-specific [12]. Our dataset contains 19 tissue types
of cell lines, of which the most major tissue is lung. Thus,
we selected the cell lines about lung tissue and the
corresponding drugs for a case study to identify the
dominant feature pairs, which contribute to understand
how cell lines response to drugs in terms of drug
sensitivity and drug resistance. Totally, there are 191
lung-related cell lines and 177 associated drugs. On the
other side, mutation genes are associated with sensitivity
to drugs [6], so we download the cell line mutation genes
from COSMIC [18], and use them to explain the
important feature genes for cell lines.

In the case study, we attempt to answer three questions
in terms of cell line feature and/or drug features as
follows: (1) why a cell line shows a significant response to
a drug; (2) what the substructures frequently occurring in
all drugs are and why a set of drugs triggers the response
of a specific cell line in terms of drug feature
(substructures); (3) what the important mutated genes
across all the cell lines are and why a set of cell lines show
significant responses to a specific drug.

Technically, the drug-cell line response matrix of lung
tissue is denoted as Y, = (v;)177x101 (here, subscript 1 is
used to differ from the above drug-cell line response
matrix Y), in which, y;=+1 and y;=—1 represent
sensitive and resistant responses respectively. Accord-
ingly, the drug feature matrix and the cell feature matrix
are denoted as a 177x881 matrix F*' and a 191x 16383
matrix Fe!.

After performing TMF on, we obtained the regression
coefficient matrix Bj, and B, which depict the
correlation between the feature matrix and the latent
response matrix. Sequentially, three significant matrices
can be derived from B), and B, , including the bi-
projection matrix @, = (B;(B:I)T)pxq, the drug projec-
tion matrix ®, =O(F], and the cell line projection
matrix @, = (F,;0;)". The following sections shall
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exhibit how these matrices contribute to answer the
abovementioned questions.

Significant feature pairs

We answered the first question by the entries in
0= (BZ(B:I)T)qu, which build bridge between the
feature pairs and the response values. Each positive/
negative entry ¢; in © indicate how well the correspond-
ing pair of the i-th drug feature and the j-th cell line
feature contribute to the sensitive/resistant drug-cell line
response respectively. As the feature number of drugs and
cell lines are very large, most entries in @ is very small.
We define the entries as the important entry, whose
absolute values are greater than 1 and two subscripts
account for the significant feature pair of a drug and a cell
line respectively. As an illustration, the top positive {*O =
C-O-C:C’:*‘GUCA1A’} indicates ‘O=C-O-C:C’ is the
most frequent substructure in the drugs inducing the
sensitive response of the lung-related cell lines which
contains the significant expression of gene ‘GUCA1A’. In
contrast, the top negative feature pair {‘N#C-C=C’:
‘PAGES’} indicates N#C-C=C’ is the most frequent
substructure in the drugs triggering the resistive response
of the lung-related cell lines which contains the significant
expression of gene ‘PAGES’.

Significant drug substructure features

We answered the second question by the drug projection
matrix ®,, =©}F/,, each column represents a substruc-
ture. The question is split into two parts to answer. One is
the substructures frequently occur in all drugs (denoted as
FDI1). The other is the important substructure features
frequently occur in drug groups, which are sensitive or
resistant to a specific cell line (denoted as FD2).

(1) To find out FD1, we counted the occurrence of each
substructure in positive entries and negative entries of @4
respectively. Highly occurring substructures in positive
entries (Table 4) and those in negative entries (Table 5)
play an important role for designing the drugs, to which
lung-related cell lines are sensitive and resistant respec-
tively. For example, the drugs having‘C(~N)(:C) (:C)’and
‘O-C-C-C-C’ are sensitive and resistant to lung-related
cell lines respectively.

(2) Aseach column in ®; is for a cell line, the entry 0;}
represents the importance of the i-th substructure of drugs
on their response with cell line ¢;. Again, positive values
are for sensitive responses while negative values are for
resistant responses. Based on this, the cell line LU-65 was
taken as an example. There are 176 drugs resistant to LU-
65, whereas GSK-1904529A is the only drug sensitive to
LU-65. According to the values of the entries accounting
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Table 4 Highly occurring substructures of drugs for
sensitive to Lung tissue-related cell lines

Rank Substructures Group of PubChem fingerprint

1 >=32C G1:Hierarchic element counts

2 C(~N)(:C)(:C) G4:Simple atom nearest neigh-
bors

3 N(O)(:C)(:C) G4:Simple atom nearest neigh-
bors

4 >=8N G1:Hierarchic element counts

5 N-S-C:C G6:Simple SMARTS pattern

6 O0=C-N-C=0 G6:Simple SMARTS pattern

7 N=C-C-[#1] G6:Simple SMARTS pattern

8 N-C=N-[#1] G6:Simple SMARTS pattern

9 C(-N)(=0) G5 Detailed atom neighborhoods

10 N#C-C=C G6 Simple SMARTS patterns

for LU-65 in ®, the top 5 substructures (i.e. ‘>= 8N,
‘0O=C-C:C-0’, ‘> = 3 saturated or aromatic nitrogen-
containing ring size 6°, ‘>= 32C’ and ‘CCICCC(O)
CC1’) are extracted. We found that all of them appear in
the chemical structure of GSK-1904529A, but seldom
occur in those of resistant drugs.

Therefore, it is believed that these five substructures are
the most important substructure in the drugs inducing the
response to cell line LU-65. Moreover, FD2 contributes to
identify drug features, which can guide to design drugs
having a good efficacy for a specific cell line.

Significant gene features

We answer the third question by the cell line projection
matrix O, = (F,;0")", where each row reflects the
importance of a gene. Again, it can be answered by two
parts. One is the important genes, which are mutation
genes in all cell lines (denoted as FC1); the other is the
significant mutation genes in some cell lines, which are
sensitive or resistant to a specific drug (denoted as FC2).

(1) To find out FC1, we counted important genes via
positive entries of ®,; and found out PCDHS, BMPS§B,
PAGES, TCEANC, MKRN3, PABPC4, ZIC3, CCDC39,
TMEM163 and HIST1H2AI. Similarly, by negative
entries of ®,, we picked up ten important genes,
including HCN2, SIX1, C170rf50, PRSS57, OR51DI,
PNLIP, DDX25, PTPRZ1, SIX4 and SLFN11. These two
groups of genes can be the indicator of lung-related cell
lines tending to have drug sensitivity and drug resistance
respectively.

(2) As each column in O, is for a drug, the entry ¢}
represents the importance of the i-thgene on their
response with drug d;. Again, positive values are for
sensitive response, while negative values are for resistant
response. Based on this, we select five drugs (Sunitinib,
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Crizotinib, CGP-082996, CMK and GW843682X) as an
example. After analysis, we found these five drugs all
sensitive to cell line LC-2-ad but resistant to 63 cell lines.
They are DMS-114, NCI-H187, LU-139, SBC-1, etc.

After extracting the important genes (PCDH8, GRIA4
and CDOL) for these drugs from ®,;, we find that these
genes all mutate in cell line LC-2-ad, but PCDHS is not
mutated in 63 resistant cell lines, GRIA4 mutated in only
4 cell lines(4/63) and CDO1 mutated in only 3 cell lines
(3/63). Therefore, we believe that FC2 can genetically
explain why some cell lines are sensitive to a specific drug
but others are resistant to it. On the other hand, it also
explains why LC-2-ad is sensitive to these five drugs and
other cell lines are resistant to these drugs.

CONCLUSIONS

To obtain an effective and interpretable approach for
predicting cell lines responses to drugs, we bridge
chemical substructures of drugs, genes of cell lines, and
drug-cell line responses by a novel model, Triple Matrix
Factorization (TMF). The comparison with other state-of-
the-art matrix approaches under 10-CV demonstrate its
superiority in terms of both PCC and RMSE. More
importantly, this proposed approach can dig out crucial
pairs of chemical substructures and genes, which uncover
the following questions: (1) how often does a pair of
substructure-gene occur in sensitive responses or resistant
responses? (2) What are the substructures shared by
drugs, to which cell lines are sensitive/resistant & what
are the key substructures of drugs if a cell line is sensitive/
resistant to them? (3) What are the important genes across
cell lines & what are the important genes of different cell
lines sensitive/resistant to a common drug? For example,
we’ve found that the drugs containing these five
substructures (> = 8N, O =C-C:C-0O, > = 3 saturated or
aromatic nitrogen-containing ring size 6, >= 32 C and
CCICCC(O)CC1) are sensitive to cell-line LU-65.
Otherwise, resistant to it. On the other side, cell lines
which contain three mutated genes (PCDHS8, GRIA4 and
CDOL1) are sensitive to the drugs, including Sunitinib,
Crizotinib, CGP-082996, CMK and GW843682X. On the
other side, though TMF accommodates so far only three
types of information matrices, including drug feature
matrix, cell line feature matrix and “drug-cell line”
response matrix, it can integrate more features into itself
by concatenating them horizontally into one combined
feature matrix or by using multi-kernel learning feature
fusion etc. In conclusion, our TMF is an effective and
interpretable approach to predict drug-cell line responses.
It is anticipated that the extension of TMF to integrate
more heterogeneous features of drugs and cell lines can
improve the prediction and be more helpful to understand
why cell lines are sensitive or resistant to drugs.
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MATERAILS AND METHODS
Problem formulation

A set of response values between n drugs D={d|,
dy,...,d,} and m cell lines C = {c,cs,...,c,, } are organized
into a partially observed response matrix ¥ = (;),xm,
y;ER, in which y;#0represents the observed (or
known) response value of cell line ¢; to drug d;, otherwise,
v;=Orepresents the response value between them are
unknown .

In the scenario that one is only interested in whether a
cell line is sensitive or resistant to a drug, a drug-specific
threshold can be used to split the real-valued responses
into two classes: sensitivity and resistance. Formally, a
binary response matrix 4= (a;),, can be transformed
from Y, in which a;= +1 represents that a sensitive
association between d; and ¢; while a;; = —1 represents a
resistant association. Usually, we define ¢; is sensitive to
d; if y; < th;, where th; is the given threshold specific to
d;. Otherwise, c; is resistant to d;.

Moreover, suppose that each drug can be described as a
p-dimensional feature vector and each cell line can be
described as a g-dimensional feature vector. Then, all the
drug feature vectors and all the cell line feature vectors are
stacked to form a feature matrix F, fxp and Fj,.,
respectively.

In order to investigate the relationship between drug
features (e.g., chemical substructures fingerprint), cell-
line features (e.g., gene expressions) and drug-cell line
responses, we develop a new triple matrix factorization
(TMF) to predict unknown drug-cell line responses. The
whole procedure of predicting drug responses consists of
the following four steps: (1) constructing corresponding
drug and cell-line feature matrices from chemical
structures of D and genomic expressions of C respec-
tively; (2) normalizing the drug-cell line response matrix
Y, in order to eliminate the calculation error caused by
greatly varied numerical ranges of response values;
(3) applying TMF to obtain a bi-projection matrix®
which bridges F, s Finxq and Y; (4) reconstructing Y by
F,‘,’Xp, F}xq and © to compute predicted response values
for unobserved drug-cell line pairs. Figure 9 shows the
flowchart of the presented approach.

Feature extraction and response normalization

The PubChem fingerprint list consisting of 881 chemical
substructures [17] was used to encode drug chemical
structures. Formally, drug d; is defined as a p-dimensional
binary vector: f; =[s;1, ..., Sy, -, Sj], Where p=881, s
=1 if the /-th substructure in PubChem fingerprint list
exists in drug d;, otherwise s;; =0.

© The Author(s) 2021. Published by Higher Education Press

Table 5 Highly occurring substructures of drugs for
resistant to Lung tissue-related cell lines

Rank  Substructures Group of PubChem fingerprint

1 0=C-C-C-C-0 G6:Simple SMARTS pattern
2 0-C-C-C-C G6:Simple SMARTS pattern
3 >=160 G1:Hierarchic element counts
4 > =5 any ring size 6 G2:Rings in a canonic ESSSR

ring set

5 C-C-N-C-C G6:Simple SMARTS pattern
6 >=2Cl G1:Hierarchic element counts
7 N-C:C:C-N G6:Simple SMARTS pattern
8 >=4N G1:Hierarchic element counts
9 0-C-C-C-C-C(C)-C G6:Simple SMARTS pattern

10 0=C-C=C G6 Simple SMARTS patterns

Since genomic expression helps understanding
the responding behaviors of cell lines to drugs [19],
it is used to characterize cell lines here. Let
G = [geney, ..., geney, ..., gene,] be the set of genes. Cell
line ¢; can be represented as a g-dimensional vector:
Je. =g - Gits > &1g) Where gy is the expression value
of k-th gene in G for ¢;. After downloading the
corresponding genes related to the cell lines from
GDSC dataset [5], we obtain 16,383 genes and their
expressions.

The responses of cell lines to drugs obtained by
experiment are typically measured by IC50 values [10],
which is the drug concentration required for 50%
inhibition of cell growth [20] However, we observed
that the numerical ranges of response values vary greatly.
For example, there are 19 drugs, which target pathway
(e.g., PI3K/MTOR) crucial to many aspects of cell growth
and survival in both physiological and pathological
conditions (e.g., cancer) [21]. The statistics of the
responses across all the cell lines to them illustrate the
issue of greatly varied numerical value ranges (Fig. 3).
Because this issue surely causes calculation errors, we
utilized Z-score to normalize all the response values for
each drug as follows
; yya Vi 1)

Z-score;; =
i

where y;; is the observed response value of ¢; to drug d;, y;
and o; are the mean and standard deviation of all response
values for drug d; respectively.

Triple matrix factorization (TMF)
A triple matrix factorization (TMF) is proposed to

associate drug features, cell line features with drug-cell
line responses and can be formulated as follows:

Y ~ F,0F )

435



Xiao-Ying Yan et al.

A Chemical structures

~ "N
|
N \N)\NH
L
HN
O
N
[ j Imatinib
N

B Response values

C Genomic expression profiles

Imatinib

Cell line Drug
D Drug-cell line
Drug feature matrix response matrix(Y) Cell line feature matrix
sub1|sub2|sub3 -1.64 | 3.53 ? 5.34 g1 | 92| g3 | g4 | 95| g6
-0.44 ? 3.591 ?
? 235 | 3.41 | 3.37

Bi-projection matrix(®)

<>
Q

F(nXp) X

O(pxq)

FZ(mxq)

Figure 9. The illustration of triple matrix factorization(TMF). (A) Drug chemical structure feature data; (B) Known drug-cell line
response network where the edge weight is the response value; (C) Cell line genomic expression feature data; (D) Construction of
drug feature matrix Ff,’xp, cell line feature matrix 7, .., drug-cell line response matrix Y'and bi-projection matrix; (E) The drug-cell line
response matrix is represented as a triple matrix factorization(TMF).

where ©(6;) is a p X g bi-projection matrix and its entry
0; € R indicates the importance of the pair of drug feature
fa, and cell line feature f, for drug responses. It builds the
bridge between feature pairs and responses. If F,;(n X p)
and F, (m x g) are inverse matrix, ®can be directly
solved by ©® = (F,;) 'Y (FT)"'. However, the number of
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drug features (881) and that of cell line features (16383)
are bigger than the number of drugs and that of cell lines
respectively. For example, GDSC contains 256 drugs and
1001 cell lines [5]; the CCLE has only 24 drugs and 504
cell lines [4]. In this condition, ® cannot be solved by

©=(F,) 'Y(F)".

© The Author(s) 2021. Published by Higher Education Press
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In addition, © also cannot be solved by © = (F1F,) '
FIYF, (FTF,)™", as there exists the dependency between
the features of drugs or cell lines, which causes the
multicollinearity issue. Thus, F.F, and F!F,. are all
nearly singular and their inverse matrices are ill-condi-
tioned.

Thus, we consider numerical solution of ® by adopting
the low-rank decomposition of Y as follows to solve this
matrix factorization,

argmin || > (Y - UV")||7 3)

where U, and V. ( k<< rank(Y)) are latent response
matrices for drugs and cell lines respectively. They
represent the latent topological attributes of drug and cell
line, and jointly reflect the underlying response space. The
n x m weight matrix W is introduced to distinguish
observed drug-cell line response pairs from unobserved
(incomplete) pairs, in which w;; =1 if the response value
between drug d;and cell line ¢; is observed, otherwise
w;=0. In addition, W<°Zdenotes the element-wise

product of matrices W and Z.

Inspired by the optimization process in the form works
[22,23], we adopt the following bi-linear regression
model to bridge responses with both drug features and
cell line features. In other words, we build a linear
regression between drugs’ latent response properties U
and their input features F,;, as well as a linear regression
between cell lines’ latent response properties V and their
input features F, as follows:

U= FqBq “

V~F.B )

where B;(p x k) and B.(g x k) are the regression coeffi-
cient matrices of drugs and cell lines respectively. These
two constrains can join into the above objective function
by Lagrange Multiplier. Meanwhile, we adopt L2-
regularization to ensure U, V, B; and B, smooth [24].
Therefore, the origin optimization problem can be
formularized as follows,

Algorithm TMF

max_iter

By B,

S o A
derivatives U 0 0

follows:

By= (FdTFd + j~c1l)71(’:§U)-
B, = (FIF.+ ) (FIV)

Input: drug-cell line observed response matrix Y, drug feature

matrix F,, cell line feature matrix F,, parameter k, 4, 4, A4, A, and

Output: predicted response value matrix Y
TMF(\A/, Y, Fo Foy K, Ay Ay Ags Ac)

Step1. Generate random matrices as the initialization of U, V,

Step2. For t=1, ..., max_iter

Update U, V, B, and B, iteratively by the solutions of the partial

o _ o _ ;i

av-0 a8, 0 and Ointurn as
U= (WYV+FB)WVTV+ I+,
V=(WYU+FB)WUU+ 1+

Step3. If not converged, go back to Step 2.

Step4. Calculate the bi-projection matrix by ©* = B(B})’

Step5. Obtain the predicted response value between drug d; and
cell line ¢, by Y, ;= Ff©*Ff

» oy o

3B,

Figure 10. The description of the algorithm TMF. It takes Y, F,;,F, , the parameters k,4,,,,2,,A. and the iteration times max_iter
as the inputs, then performs drug-cell line response prediction by using ®*, which is obtained by iteratively updating the values of

matrices U, V, B;and B,.

© The Author(s) 2021. Published by Higher Education Press
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{U",V",B},B.} = argminJ(U,V,B,,B,) (6)
where

J=WIY=UV" |l + |U~FqBylli + |V~ F. B ||}

Here, 4,, 4,, 4; and A, are positive regularization
coefficients. The above objective function can be
minimized using the iterative update algorithm [25],
which guarantees the convergence by iteratively solving
oJ 0J al oJ .

U 37 R 2B, 0, 2B, 0, and updating U, V,
B, and B,. The procedure of TMF algorithm is listed in
Fig. 10.

Performance evaluations

To evaluate the performance of predicting drug responses,
k-fold cross-validation (10-CV) is usually adopted on the
collected dataset. According to k-CV, all observed
response entries are randomly divided into 10 subsets
having nearly equal size. The whole procedure of £-CV
contains 10 rounds, of which each round selects one
subset in turn as the testing set and unites the remaining
nine subsets as the training set. This procedure was
repeated 20 times under different random seeds to
evaluate the predicting performance.

As former works mentioned that the correlation
between observed and predicted response values across
all the drugs are an optimistic measure of drug response
prediction [10,15], we adopt the drug-specific correlation,
which contains two measuring metrices, Pearson correla-
tion coefficient (PCC) and Root mean squared error
(RMSE) as follows:

NgE

' (yij_yi) ()A;[j_i‘)
PCC(d;) =—== . ®

3 b 6

J

©

where y; and y;; are the observed and predicted response
values w.rt. d; and ¢; respectively, y; and 3, are their
corresponding averages for d; across all the cell lines. It is
expected that a good prediction has both a great PCC and
a small RMSE.

In addition, considering the fact that the sensitive and
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resistant cell lines of each drug are valuable to unveil
mechanisms of drug actions, we also compute PCC and
RMSE from sensitive and resistant cell lines for each drug,
and they were denoted as PCC S/R and RMSE S/R
[10,15]. According to all the IC50 response values of a
drug, the cell lines in the first and the fourth quartiles
represent sensitive cell lines and resistant cell lines
respectively [16,26].

> ) Gi-5)

PCC s/R(d) =L —
Yo I 05
JECSUCR
(10)
Yo )
jECSUCR
RMSE S/R(d;) =" I|c.5ucR\ , (1D

where C§ U CR is the cell line set, in which the elements
are sensitive or resistant to drug d;, and |.| is the number of
elements in the set.

Finally, these four metrics of all drugs are averaged
respectively as the final evaluation metrics, denoted as
PCC, E, PCC_S/R and E S/R.
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