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Abstract
Background: Although in silico drug discovery is necessary for drug development, two major strategies, a
structure-based and ligand-based approach, have not been completely successful. Currently, the third approach,
inference of drug candidates from gene expression profiles obtained from the cells treated with the compounds
under study requires the use of a training dataset. Here, the purpose was to develop a new approach that does not
require any pre-existing knowledge about the drug–protein interactions, but these interactions can be inferred by
means of an integrated approach using gene expression profiles obtained from the cells treated with the analysed
compounds and the existing data describing gene–gene interactions.
Results: In the present study, using tensor decomposition-based unsupervised feature extraction, which represents
an extension of the recently proposed principal-component analysis-based feature extraction, gene sets and
compounds with a significant dose-dependent activity were screened without any training datasets. Next, after these
results were combined with the data showing perturbations in single-gene expression profiles, genes targeted by the
analysed compounds were inferred. The set of target genes thus identified was shown to significantly overlap with
known target genes of the compounds under study.
Conclusions: The method is specifically designed for large-scale datasets (including hundreds of treatments with
compounds), not for conventional small-scale datasets. The obtained results indicate that two compounds that have
not been extensively studied, WZ-3105 and CGP-60474, represent promising drug candidates targeting multiple
cancers, including melanoma, adenocarcinoma, liver carcinoma, and breast, colon, and prostate cancers, which were
analysed in this in silico study.
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Background
Inference of compound–protein interactions is one of the
important tasks of drug discovery, but the experimental
approach is expensive. To slow the trend of rising drug
discovery costs, computational approaches have been
increasingly used. Two major in silico approaches exist:
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a structure-based method [1] and ligand-based one [2].
Although a lot of effort has been invested into the development and improvement of these approaches, their successes are limited, which is why alternatives are needed.
One of them is the inference of target genes based on
the analysis of alterations in a gene expression profile in
the cells treated with the compounds of interest. Even
though this approach appears to be relatively simple and
straightforward, two major obstacles must be considered.
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It is difficult to identify drug candidate doses necessary to
determine drug efficacy because there are tens of thousands of genes, and the changes in their expression must
be strictly dose-dependent, otherwise any alterations are
considered accidental, due to multiple-comparison adjustments. Additionally, the analysed compounds interact
with proteins, and not mRNAs. Accordingly, expression
of the target genes is not always affected, and therefore,
gene expression profiles alone cannot provide the complete information about all the molecules targeted by the
compounds under study.
To overcome these difficulties, compound signature
profiling [3, 4] is often employed. In this approach, if the
alterations in gene expression profiles after application of
the analysed compound are similar to those observed after
application of an already known drug, the compound in
question is assumed to share the target genes with the previously investigated drug. With this approach – because
it does not require identification of dose dependence or
the target genes – the above difficulties do not apply. Nevertheless, training (labelled or annotated) gene expression
datasets are required, and only previously known drug–
protein interactions can be inferred.
Some examples of tasks aimed at identifying new drug–
target interactions in gene expression data on the basis of
known interactions are as follows. Wang et al. [5] tried
to identify on- and off-target genes of drugs using similarities in drug-induced in vitro gene expression changes.
Iwata et al. [6] explored potential target proteins with
cell-specific transcriptional similarity using a chemical
protein interactome. Lee et al. [7] tried drug repositioning for cancer therapy based on large-scale drug-induced
transcriptional signatures. Although these are only a few
examples, these strategies require pre-knowledge about
drug–target interactions. Alternatively, instead of drug–
target interactions, drug–disease interactions are studied.
For instance, Cheng et al. [8] attempted to measure the
connectivity between disease gene expression signatures
and compound-induced gene expression profiles. Sirota
et al. [9] also integrated gene expression measurements
from 100 diseases and gene expression measurements for
164 drug candidates, thereby determining predicted therapeutic potentials for these drugs. Iorio et al. [10] studied
compound-targeted biological pathways based upon gene
expression similarities. They are unsupervised approaches
to some extent, but target genes cannot be exploited.
Here, the purpose was to develop a new approach
that does not require any pre-existing knowledge about
the drug–protein interactions, but these interactions
can be inferred by means of an integrated approach
using gene expression profiles obtained from the cells
treated with the analysed compounds and the existing
data describing gene–gene interactions. In contrast to
the studies listed above, this approach is unsupervised
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but can identify a drug’s target proteins. For this purpose, the recently proposed principal component analysis (PCA)-based unsupervised feature extraction (FE)
[11–31] was extended through tensor decomposition
(TD), and designated as TD-based unsupervised FE. The
reader may wonder why decomposition was employed.
This is because TD can simplify extensive information
included in a massive dataset, and the derived simplified information can be used for drug–target interaction
identification as follows. Because it was designed to target large-scale datasets that are formatted as a tensor
and include hundreds of compounds used for treatment,
the proposed method cannot be expected to show good
performance when applied to a conventional small-scale
dataset that includes fewer (typically a few tens of ) drugs
used for treatment and is formatted not as a tensor but
in the conventional matrix form. Such datasets are easily associated with a fully labelled dataset because of their
small size.
Before reporting the results, I would like to mention
some other studies aimed at drug target identification via
LINCS, which was used in this study as described later.
O’Reilly et al. [32] proposed QUADrATiC, which was
designed to identify a list of significant negative connections between LINCS and disease profiles. Although their
method is also in some sense unsupervised, it requires
additional external disease-related gene expression profiles, which are not necessary for drug target identification
by TD-based unsupervised FE. Ji et al. [33] proposed integrated analysis involving LINCS and phospho-proteomics
data resulting from treatments with various compounds;
these data are not required by TD-based unsupervised
FE either. Hsieh et al. [34] integrated LINCS with two
additional databases that TD-based unsupervised FE does
not need, whereas Cheng et al. [35] proposed integration of LINCS with genetic perturbations that TD-based
unsupervised FE does not use either. Wolf et al. [36]
employed only LINCS to identify useful drugs without target protein identification that TD-based unsupervised FE
can achieve, whereas Duan et al. [37] employed LINCS
and Gene Expression Omnibus, which TD-based unsupervised FE does not use. Aliper et al. [38] applied a
deep neural network to LINCS with learning of external
labelling that TD-based unsupervised FE does not require.
Similarly, Wang et al. [39] integrated LINCS with chemical compound structures, which are not needed for TDbased unsupervised FE. Thus, TD-based unsupervised FE
appears to be the only method that can find effective drugs
with identification of target proteins without any external clinical or additional expression profiles. TD-based
unsupervised FE requires a list of genes affected by singlegene perturbation to identify target proteins. Because this
information does not have any relation with diseases or
clinical data and can be obtained by simple experimental
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procedures, it is the easiest information resource to get
access to among those required by the other methods
mentioned above.

Results
To maximize the performance of TD-based unsupervised
FE, a large-scale dataset, LINCS, which includes hundreds
of drugs used for treatment of each cell line, was selected
to test the performance of TD-based unsupervised FE.
Although LINCS contains expression profiles for only 978
genes, the proposed strategy was designed to overcome
this difficulty as well (see below).
Initially, the sets of genes (‘inferred genes’) showing
significant dose–response relations with the compounds
under study, as well as the compounds (‘inferred compounds’) showing a dose-dependent activity, were identified by TD-based unsupervised FE (this process is
illustrated in Figs. 1–2, and the results are summarised
in Table 1). Here, a dose-dependent activity is defined as
a significant correlation observed between gene expression alterations and dose density of the compound being
analysed (It can be seen as a second dose-dependent
singular value vector, see Additional files 1 and 2).
After that, to determine the genes targeted by the identified compounds (‘predicted targets’), single-gene perturbations coinciding with the alterations in gene expression
profiles were identified as a consequence of the cell treatment with the analysed compounds (Fig. 3). To this end,
the genes identified by TD-based unsupervised FE were
uploaded to Enrichr [40] (which is the only database containing comprehensive gene expression data associated
with gene knockouts [KOs]), and the genes targeted by
the drug candidates were determined; these genes were
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afterwards assumed to be associated with the compounds
targeting them.
To evaluate the predicted target genes (‘predicted target’), they were compared with two compound–target
datasets, drug2gene.com and DSigDB (Table 2; the full
list is presented in Additional file 3). Drug2gene.com
combines the compound/drug–gene/protein information
from 19 publicly available databases. DSigDB relates drugs
or compounds and their target genes, for gene set enrichment analysis. As shown in the table, there is a significant
overlap between the identified compound–gene interactions and the interactions present in at least one of the
datasets.
One may think that significance analysis is not enough
and other performance measures are beneficial, e.g.
sensitivity and restricting targets to top-ranked genes.
Nonetheless, this kind of analysis is not suitable for evaluation of the present results. For more details, see the
discussion below.
One hundred ninety-five genes were identified as the
common compound targets, associated with
dose-dependent compound activities in all the cell lines

Because 1595 unique genes are listed in Enrichr
(the full list is available in Additional file 4), in the
“Replacing ‘Single Gene Perturbation from GEO up’ with
‘PPI Hub Proteins’” section, the expected number of commonly selected predicted targets in all the 13 cell lines in
 600 13
Table 1 is at most 1595 × 1595
 5 × 10−3 (i.e. essentially zero), where 600 is the upper bound of the number
of predicted targets in Table 1. Nevertheless, as shown in
Additional file 4, this approach allowed for the selection
of 195 common genes for further analysis.

Fig. 1 A schematic that illustrates how drug candidates and target genes are identified. Gene expression profiles retrieved from LINCS are processed
by TD-based unsupervised FE. Then, ‘inferred genes’ and ‘inferred compounds’ are identified as being associated with dose dependence (this
approach is detailed in Fig. 2). Then, ‘inferred genes’ are compared with a single-gene perturbation in Enrichr. Next, ‘target proteins’ are identified
(this part is detailed in Fig. 3)
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Fig. 2 An overview of the analysis using TD-based unsupervised FE. Top left: Gene expression tensor xij of dose dependence mode (i), compound
mode (j), and gene mode (). Top right: Using the TD, xij , was decomposed to the tensor product of core tensor Gk1 ,k2 ,k3 , dose dependence matrix
xk1 ,i , compound matrix xk2 ,j , and gene matrix xk3 , . Bottom right: Because the second component of dose dependence mode shows linear dose
dependence (Additional file 2), and cumulative contribution of the core matrix up to the sixth components exceeds 95% of the total contribution,
core matrix Gk1 =2,k2 ≤6,k3 ≤6 is considered for FE. Bottom left: Outlier compounds (they correspond to ‘inferred compounds’ in Table 1) and outlier
genes (they correspond to ‘inferred genes’ in Table 1) are identified within the space restricted with xk2 ≤6,j and xk3 ≤6, , respectively

One may argue that the assumption that 13 cell lines are
independent is unrealistic because there are only seven
tissues. In this case, if we assume that only seven of the 13
cell lines are independent, power should be lowered from
13 to 7. In particular, the expected number of commonly
identified targets increases to as many as two. Nonetheless, because this number is still much smaller than 195,
the conclusion that 195 genes should be kept for further
analyses is not likely to change.
One hundred ninety-five genes commonly identified as a
compound’s target genes show enrichment with various
biological terms

The information about these 195 commonly selected predicted targets was uploaded to g:Profiler [41], an additional enrichment analysis server, using 1595 genes as a
background dataset. Enrichr was not used in these analyses because it cannot accept user-provided background
gene datasets, and employing all the identified genes
as the background is not appropriate for this method.

It was found that most of the enriched gene ontology
molecular function (GO MF) terms (the full list is available in Additional file 5) are related to protein–compound
binding-related interactions.
Multiple compounds bind to several proteins

Alvocidib, AT7519, BMS-387032, and dinaciclib, known
cyclin-dependent kinase (CDK) inhibitors, showed a significant dose-dependent activity against the cells used in
this study (Table 2). In Table 3, CDK-related proteins
that are encoded by target genes presented in Table 1
are shown. Although not all CDK proteins were included
in the Enrichr category, ‘Single Gene Perturbations from
GEO up’, several genes encoding CDK-related proteins
were identified as the targets of the compounds with the
observed dose-dependent activities in all the cell lines.
Recently, BRD4 was shown to bind to CDK inhibitors [42].
BRD4 and dinaciclib or alvocidib (flavopiridol) binding
structures can be found in the Protein Data Bank (PDB) as
PDB ID 4O71 and 4O70. In Table 3, all the cell lines where
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Table 1 The number of the inferred compounds and inferred genes associated with significant dose-dependent activity
Cell lines

BT20

Tumour

Breast

HS578T

MCF10A

MCF7

MDAMB231

SKBR3

Inferred genes

41

57

42

55

41

46

Inferred compounds

4

3

2

6

5

6

All compounds

110

106

106

108

108

106

Predicted targets

418

576

476

480

560

423

Cell lines

A549

HCC515

HA1E

HEPG2

HT29

PC3

Tumour

Lung

Kidney

Liver

Colon

Prostate

Inferred genes

45

46

48

54

50

63

Inferred compounds

8

5

7

2

2

9

All compounds

265

270

262

269

270

270

Predicted targets

428

352

423

396

358

439

Cell lines

A375

Tumour

Melanoma

Inferred genes

43

Inferred compounds

6

All compounds

269

Predicted targets

421

The target genes predicted by means of the comparison with the data showing upregulation of the expression of individual genes (‘predicted targets’) are also shown. The
full list of inferred genes and predicted targets is available in Additional file 7. Inferred compounds are presented in Table 2. ‘All compounds’ rows represent the total number
of compounds used for the treatment of each cell line

Fig. 3 How to infer target proteins. By means of TD-based unsupervised FE, a set of genes with the expression level alterations following the activity
of specific compounds can be inferred (‘inferred compounds’ and ‘inferred genes’ in Table 1), but a compound’s target genes (blue rectangle,
‘predicted targets’ in Table 1) cannot. Nonetheless, a list of inferred gene sets can be compared with that of the single-gene perturbations taken
from Enrichr’s ‘Single Gene Perturbations category from GEO up’, enabling identification of the compound’s target genes
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Table 2 Compound–gene interactions presented in Table 1 that
significantly overlap with interactions described in two datasets

Table 3 Genes identified as being targeted by compounds
shown to have a dose-dependent activity

Compounds (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13)

Genes



CDK5RAP1



CDK9

      

CDK4

            

      

Dabrafenib

Dinaciclib

CGP-60474

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13)










CDKN1B

  

    



 

CDK19

        

×

×

×

×

×

×

×






 



CDKN1A

LDN-193189 





CDK8

           







BRD4

 

−

HSP90B1

−

OTSSP167

WZ-3105

−

−



 

AT-7519

BMS-387032

−

−

−

−

 



 

−

−

−

−

  


 







 





 





 




     



−

−

−

−

−

−

−

GSK-2126458

NVP-BEZ235

Torin-2

−

−

−

−





×

×

×

×


NVP-BGT226

QL-XII-47



−

−

−

−

−

−

−

−

−
−

Celastrol


−

A443654

NVP-AUY922

Radicicol








×



−

−



  





    


Labels (1) to (13) represent the cell lines described in Table 2

−


Alvocidib



 



JNK-9L




−

For each compound in the table, the upper row: the drug2gene.com dataset was
used for comparisons [69], the lower row: the DSigDB dataset was used for
comparisons [70]. Columns represent cell lines used in the analysis: (1) BT20, (2)
HS578T, (3) MCF10A, (4) MCF7, (5) MDAMB231, (6) SKBR3, (7) A549, (8) HCC515, (9)
HA1E, (10) HEPG2, (11) HT29, (12) PC3, (13) A375. : a significant overlap between
the datasets (P < 0.05); ×: no significant overlap between the datasets; —: no data;
blank: no significant dose–response relation was identified. The confusion matrix
and a full list of commonly selected genes are available in Additional file 3

BRD4 was found to represent a target gene (according to
the results shown in Table 1) are listed. Ten out of 13 cell
lines express BRD4; this result supports the finding that
BRD4 binds to CDK inhibitors.
To show that the obtained results – showing a
good correlation between protein-binding affinity of the
compounds and their activity against the cells used in
this study – are not due to my preferential consideration
of proteins that can bind to many compounds, radicicol
was additionally analysed, a compound known to have a
significant dose-dependent activity towards only one cell
line, SKBR3 (Table 2). HSP90B1 was shown to bind to
radicicol (binding structure: PDB ID 1U0Z), and although
its dose-dependent alterations have not been observed in
SKBR3 cells, they were identified in another cell line: PC3
(Table 3).
Replacing ‘Single Gene Perturbation from GEO up’ with
‘PPI Hub Proteins’

The ‘Single Gene Perturbations from GEO up’ category
can be replaced with some other criteria for further analysis. To demonstrate this strategy, the ‘Single Gene Perturbations from GEO up’ category was replaced with the
‘PPI Hub Proteins’ category in Enrichr, which shows a different interaction between genes as well. Compounds that
bind to a hub protein may affect the expression of proteins that bind to that hub protein [43]. Because protein–
protein interactions (PPIs) are not directly related to gene
expression alterations, and the number of genes included
in this category is ∼200, which is approximately 10-fold
lower than the number of genes included in the ‘Single
Gene Perturbations from GEO up’ category, the number of significant associations between dose-dependent
activity and alterations in gene expression and compound activity obtained here was much lower (Table 4).
Moreover, by means of ‘PPI Hub Proteins’, the interaction between HSP90AA1 and radicicol in SKBR3 cells
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Table 4 A significant overlap demonstrated between
compound–target interactions presented in Table 1 and
drug2gene.com.

Table 5 Categories associated with adjusted P-values less than
10−4 among 100 trials
Enrichr Categories

Adjusted P-values

Compounds (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13)

KEA_2013

1.56×10−5 , 1.42×10−5 , 1.38×10−5 ,
2.12 × 10−5

KEA_2015

1.42 × 10−5 , 1.38 × 10−5

LINCS_L1000_Chem_Pert_down

9.46 × 10−6 , 1.37 × 10−5

LINCS_L1000_Chem_Pert_up

3.49 × 10−7 , 3.28 × 10−7



WikiPathways_2013

4.80 × 10−5



WikiPathways_2015

3.31 × 10−5 , 1.30 × 10−5

WikiPathways_2016

1.30 × 10−5

GO_Biological_Process_2013

1.68 × 10−5

GO_Biological_Process_2017

5.35 × 10−7

GO_Biological_Process_2017b

5.89 × 10−6

GeneSigDB

1.16 × 10−5

BioCarta_2015

9.36 × 10−6

BioCarta_2016

9.36 × 10−6

  

Dinaciclib
CGP-60474

    

LDN-193189



AT-7519





BMS-387032



 

    

Alvocidib

 

 




NVP-BEZ235
Celastrol





A443654
NVP-AUY922
Radicicol




 


In this case, the ‘PPI Hub Proteins’ category in Enrichr was used. Labels (1) to (13)
represent the same cell lines as described in Table 2. The full list of confusion
matrices and commonly selected genes is available in Additional file 3

‘Enrichr Libraries Most Popular Genes’ were selected when 50 genes randomly
selected from the total of 978 genes analysed in LINCS were uploaded to Enrichr

was identified, which has not been observed previously
because HSP90AA1 was absent in the ‘Single Gene Perturbations from GEO up’ category.

Discussion
Identification of 195 commonly selected genes is unlikely
accidental

A strong overlap that was observed between a compound’s
sets of target genes identified in different cell lines supports the suitability of the proposed method. Because as
many as 195 target genes (Additional file 4) were commonly identified in 13 cell lines, even though a total
number of 300–600 target genes was predicted in each cell
line, this result indicates that the method being tested is
useful for these types of analyses.
To rule out the possibility that these overlaps were
caused by non-biological factors, 50 randomly selected
genes (this is a typical number of ‘inferred genes’ in
Table 1) were also uploaded to Enrichr 100 times (Table 5).
Considering the 100 repeats, adjusted P-values less than
10−4 were listed because 10−4 corresponds to 10−2 after
adjustment for 102 repetitions. At first, categories associated with adjusted P-vales less than 10−4 were detected
only 20 times among 100 trials. In addition, only a limited number of categories was identified. Four times
among the 20 belong to a LINCS chemical perturbation, LINCS_L1000_Chem_Pert_up/down; this outcome
is in some sense inevitable because 50 randomly selected
genes taken from 978 genes were tested in LINCS. Thus,
identification of these categories does not have to be
taken too seriously. The most frequently selected category, KEA, is kinase enrichment analysis [44]. This result
is also inevitable, because 978 genes include a greater

proportion of kinases than other genes. In any case, categories used to infer target proteins, ‘Single Gene Perturbations from GEO up’ or ‘PPI Hub Proteins’, were not
included in Table 5. This result suggests that these overlaps are unlikely to be caused by non-biological factors
that inevitably invalidate biological significance and prevent us from obtaining genes associated with significant
adjusted P-values.
The identified compounds are biologically reliable

Compounds associated with a significant dose-dependent
cellular response represent promising drug candidates.
Such compounds are listed in Table 2, and most of the
analysed compounds show an activity toward more than
one type of cells. Considering that only 10 compounds or
fewer per cell line were identified as active, among hundreds of tested compounds, this selection must be highly
cell line-independent, and these results are unlikely to
be obtained by chance; this observation corroborates the
usefulness of the proposed analysis.
Detailed assessment of individual compounds identified in the present analyses further supports the usefulness of the proposed approach. The results obtained for
two well-known drugs, dinaciclib and alvocidib (Table 2)
were then evaluated. Dinaciclib is a well-known cyclindependent kinase (CDK) inhibitor, developed as a promising second-generation CDK inhibitor [45]. Alvocidib, also
known by its trade name Flavopiridol, represents another
CDK inhibitor and was the first such inhibitor studied in
human clinical trials [46] although it is less effective than
dinaciclib [45]. Alvocidib was shown to significantly affect
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the proliferation of primarily breast tumor cells (BT20,
HST578Tm, MCF10A, MCF7, MDAMB231, and SKBR3
cell lines); this finding is somewhat expected because alvocidib was first identified as a breast cancer drug [47].
Dose–response relations were observed after application
of these two drugs to seven out of 13 cell lines studied here, indicating suitability of the present analysis. On
the other hand, dabrafenib was shown to have a dosedependent activity only towards A375 cells, but, because
this drug primarily targets melanoma associated with a
mutation in the BRAF gene [48], and A375 was the only
melanoma cell line included in the study, the obtained
results indicate the precision of the present analyses.
Drug candidates with a target in cancer

The usefulness of the proposed approach for identification of novel drugs was demonstrated as well, and not
only for confirmation of the results obtained for previously analysed drugs. For example, the results of this study
revealed that NVP-BEZ235 is active against two cell lines
(Table 2). It has been shown to be a new promising drug
candidate [49], and these results were obtained on H1975
cells, a non–small cell lung cancer (NSCLC) cell line. In
the present study, the cells shown to be affected by NVPBEZ235 are the A549 cell line, which is an NSCLC cell
line as well, confirming the previously obtained results.
AT-7519 [50], LDN193189 [51], and OTSSP167 [52] are
thought to be potential new anti-cancer drug candidates. BMS-387032 has been identified as a promising
drug candidate [53] as well, although its efficacy was
not established in subsequent studies [54]. Because these
compounds were recognized as promising in the present
study as well, this observation confirms that the proposed
methodology is applicable to the identification of promising drug candidates that have not been fully studied yet.
Taken together, these results show that this approach can
be used for confirmation of the efficacy of already studied
drugs and for the identification of novel drug candidates.
Based on the present analysis, CGP-60474 and WZ-3105
should be examined further as possible novel anti-cancer
therapeutics. Although they were shown to significantly
affect 8 cell lines here, a literature search revealed that
they have not been extensively tested. Only three studies have addressed CGP-60474 [55–57], while there are no
available reports about WZ-3105 efficacy.
One may wonder why these two compounds were
not considered seriously. One possible reason is that
they were not effective enough to treat patients as
monotherapy. Actually, Wildey et al. [57] suggested that
CGP-60474 should be tested with combinatorial drug
therapies. Although there are no studies on WZ-3105,
because our methodology fits the proposals regarding
a group of compounds, these directions, i.e., combinatorial drug therapies, might be a promising strategy to
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make use of the drug candidates identified in the present
study.
Compounds with a significant dose-dependent activity against cancer cells have considerable protein-binding
affinity. Among the compounds listed in Table 2, alvocidib, AT7519, BMS-387032, and dinaciclib were analysed
here as representative CDK inhibitors, and their proteinbinding affinity data have been further examined [54]
(see also Table 3). BRD4 was identified as a possible
compound-binding protein, while HSP90B1 was shown to
be able to bind to radicicol (Table 3). Therefore, it was
demonstrated here that the proposed analysis can identify not only frequent compound–protein binding-related
interactions but also rare interactions although perhaps
not in the same cells in which the activity of the compounds was detected. Although the binding structures of
many proteins and radicicol can be found in PDB (PDB ID
2Q8I: PDK3, DLAT; 2WER: HSP82; 4EGK: HSP90AA1;
2ZBK: top6A/B; 3CGY:phoQ), because they have not been
included in the list of 1595 genes in the ‘Single Gene Perturbations from GEO up’ category (Additional file 4), they
were not analysed further.
Taken together, the obtained findings indicate that the
approach presented in this study can be used for identification of novel anti-cancer drug candidates, and for the
inference of possible protein–compound binding-related
interactions. One hundred and forty-six potential target
genes associated with a significant dose-dependent activity in all the analysed cell lines with no known bindingrelated interactions with compounds were predicted here
and are listed in Table 2, based on the searches performed either on drug2gene.com or in DSigDB (the full
list is available in Additional file 4). Therefore, it may be
worthwhile to evaluate the potential interactions between
these 146 proteins and the compounds analysed in this
study.
Superiority of TD-based unsupervised FE to conventional
methods

TD-based unsupervised FE is superior to conventional
approaches for various reasons. Although the strategy
illustrated in Fig. 2 may seem simple and efficient, to use
it effectively, a researcher needs to overcome an obstacle resolved only by TD-based unsupervised FE. Namely,
the set of compounds and genes associated with a significant dose-dependent activity must be identified. Because
only six doses of a compound were applied, while there
are millions of samples, and because there are many
observed correlations between hundreds of compounds
and ∼1000 genes, the obtained results showing the compound activity and the alterations of gene expression
must be strictly dose-dependent. For Pearson’s correlation
coefficient (PCC) calculations to be applied to determination of the significance of dose-dependent alterations,
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the obtained P-values must be as small as 1 × 10−7
for the results to remain significant even after we take
into account multiple-comparison criteria. Nonetheless,
this criterion corresponds to obtaining PCC as large as
0.9996, which is almost impossible. In contrast, because
TD-based unsupervised FE evaluates the significance of
dose-dependent activities for compounds and genes separately, the criteria for its application are not that strict and
a considerable number of compounds and genes can be
analysed simultaneously.
It was also shown here that different protein–compound
binding-related interactions can be identified in the
same cell types by applying distinct gene interaction
information in combination with TD-based unsupervised FE (Tables 2 and 4). Thus, it was demonstrated
that TD-based unsupervised FE can successfully identify
gene–compound sets associated with significant dosedependent activity of the compound; this task is difficult
to accomplish by the existing methods.
Overlaps between the present results and previous
knowledge are significant but not very large

On the other hand, inconsistency in the prediction of
compound–protein interactions between this and other
studies was observed here. The results presented in the
confusion matrices in Additional file 3 reveal that the consistency between previously reported compound–protein
interactions and those shown in this study is not high
although it is significant as shown in the above subsections. It is possible that the compound–protein interactions detected here (but not present in the analysed
databases) have not been experimentally verified yet.
Because there are millions of potentially active compounds, it is unlikely that the effects of all the compounds
used in the present analyses of the expression of 978 genes
have already been elucidated. Conversely, those interactions that are found in the datasets, but have not been
detected in this study, are simply absent in either the
‘Single Gene Perturbations from GEO up’ or ‘PPI Hub
Proteins’ category of Enrichr. Therefore, because additional data may be included in these categories in the
future, these interactions may get validated. Hence, it is
likely that a small number of common compound–protein
interactions between this study and the existing data does
not indicate that the proposed approach cannot be useful. To increase the consistency between these two sets
of results, either the currently missing compound–protein
interactions should be experimentally verified, or further
information on single-gene perturbations or PPIs should
be added into the databases.
This fact is also related to the reason why other performance measures like sensitivity and limiting to top-ranked
genes are not suitable. Because genes not in Enrichr cannot be identified as a ‘predicted target’ in Table 1, even if
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all possible candidates are considered, sensitivity cannot
be 1.0. In other words, sensitivity cannot be a useful
measure for comparison of the performance of the other
methods with the proposed method, which makes use of
Enrichr. In addition, ranking is not straightforward in this
study because gene KO experiments included in Enrichr
have been conducted on multiple cell lines. Consequently,
genes are selected if there is at least a cell line where the
‘predicted target’ is associated with an adjusted P-value
less than 0.01. The adjusted P-value attributed to genes in
other cell lines may be worse. This observation suggests
that the adjusted P-value can be used to select ‘predicted
targets’ but not to rank them.
Some performance comparisons with other methods

Readers may wonder whether the performance of TDbased unsupervised FE can be compared with that of other
studies if they are applied to the LINCS dataset because
apparently there are many similar studies [58–60]. They
may be applicable to the LINCS dataset and may overcome the above-mentioned drawback of the proposed
method. Nevertheless, there are substantial differences
that prevent us from directly applying these methods to
the LINCS dataset. As for Noh and Gunawan’s recent
study [58], using their methodology to detect a gene
expression alteration caused by drug treatment, Noh and
Gunawan tried to infer a transcription factor (TF) affected
by drugs, by means of Enrichr, which provides the list
of genes targeted by a TF. In the sense that they tried
to infer a drug’s target genes by considering the coincidence between a gene expression alteration caused by
drug treatment and that caused by a TF, the strategy of
the above authors has some similarities with the proposed
one. In contrast, because their methods require training sets that are missing for the LINCS dataset, direct
application of their methodology to LINCS is impossible. Although Woo et al. [59] predict target genes by
means of gene expression, they need gene-regulatory networks (GRNs) that correspond to a cell line in question.
Given that there are no GRNs available for the cell lines
in LINCS, Woo et al.’s methodology is not directly applicable to the LINCS dataset. Although Clark et al. [60]
also predict target genes on the basis of gene expression, they need Chip data, which are absent in the LINCS
dataset.
In spite of these difficulties, a question may arise
whether Woo et al.’s method, DeMAND, is suitable for
the LINCS dataset because they also provided as least
a context-free-GRN, which can be used for any kinds of
datasets, although the performance deteriorates a little
if compared with a cell line-specific GRN in their study.
Nonetheless, DeMAND turned out to pose additional difficulties with application to the LINCS dataset for the
following reasons.

Taguchi BMC Bioinformatics 2018, 19(Suppl 13):388

Page 36 of 242

1. Although DeMAND needs multiple DMSO-treated
samples that served as controls, at least triplicates
and ideally six replicates, DMSO-treated cell lines
included in LINCS have less than three (typically
only two) DMSO-treated cell lines;
2. DeMAND cannot identify genes without gene
expression profiles. This is because LINCS contains
expression profiles of only 978 genes, among which
genes encoding drug target proteins are rarely
included;
3. DeMAND cannot specify a limited number of drugs
among hundreds of drugs included in LINCS.

with the present study mentioned above, there are some
major differences too.

The methodology proposed in the present paper does
not have any of these shortcomings. As for point 1, the
proposed methodology does not require DMSO-treated
cell lines because it attempts to identify effective drugs
if there is an association with dose dependence, not via
the comparison with controls. Regarding point 2, given
that the proposed methodology attempts to identify drug
target proteins among the genes included in Enrichr,
even if they are not among the 978 genes associated
with the quantified gene expression profiles in LINCS,
these proteins can be identified. A possible objection is
that both the proposed methodology and DeMAND were
restricted because target proteins can be identified anyway by means of a prepared list (For DeMAND, 978
genes in LINCS; for the proposed methodology, genes in
Enrichr). Although DeMAND requires more observations
for each gene expression profile, the proposed methodology requires simple gene KO experiments that are not specific to each cell line in which gene expression profiles are
analysed. As for point 3, although we can apply DeMAND
only to drugs screened by the proposed methodology
(i.e. ‘inferred compounds’ in Table 1), because of point 1,
DeMAND cannot be applied to LINCS as is. If we use the
same DMSO-treated samples as three to six replicates for
DeMAND, because of point 2, this approach may identify a negligible number of target proteins (often none). In
this sense, in terms of application to LINCS, the proposed
methodology has obvious advantages over the existing
strategies.
Because it was found that none of the existing methods can be applied to LINCS as is, it was decided to test
TD-based unsupervised FE on their dataset instead of
the other methods’ being applied to the LINCS dataset.
Nonetheless, the proposed method, TD-based unsupervised FE, is suitable only for large-scale data where more
than a hundred compounds have been tested. For the
existing methods to be compared with TD-based unsupervised FE (as described below) those method will deal
with a much smaller number of drugs. Thus, good performance of TD-based unsupervised FE is not expected. As
for Noh and Gunawan’s study, in spite of some similarities

Thus, direct application of the present methodology,
TD-based unsupervised FE, to their problem is not possible, but TD-based unsupervised FE was modified a
little bit so that it is suitable to their problem. First of
all, because the matrix can be regarded as a two-mode
tensor, the TD-based unsupervised FE can be applicable to a CMAP dataset formally. Secondly, drug selection
processes must be omitted because the drugs were preselected. Figure 4 shows a comparison of performance
between TD-based unsupervised FE after the modification and Noh and Gunawan’s method. In brief, what they
were aiming at is the following. Firstly, they tried to rank
genes according to the magnitude of gene expression alteration caused by drug treatment. Then, after they uploaded
top-ranked 100 genes to Enrichr, TFs were also ranked
on the basis of a position weight matrix from Enrichr.
Finally, the median rank of TFs that STITCH reported
as targets of drugs was computed. Their procedure was
repeated here using the modified proposed approach, and
the outcomes were compared with theirs. As shown in
Fig. 4, TD-based unsupervised FE, when applied to their
problem, showed that the performance was at least comparable with that of the three methods tested by Noh
and Gunawan, although superiority to the sparse simultaneous equation model (SSEM) and Z-score improved
relative to DeltaNet. This is possibly because TD-based
unsupervised FE was not fully adapted to the dataset
analysed by Noh and Gunawan (see Additional file 6).
Applying TD-based unsupervised FE to the data of Woo
et al. [59] is much simpler because their CP14 dataset is
formulated as a tensor. For this trial, selection of compounds was not performed either, because Woo et al. [59]
considered all 14 compounds, for which they identified
154 target genes. The results are disappointing. Although
application of TD-based unsupervised FE to the CP14
dataset yielded two compounds, geldanamycin and H-7
dihydrochloride, none of the 154 target genes included in
Enrichr are targeted by either of these compounds. This
finding suggests that TD-based unsupervised FE is not
applicable to the CP14 dataset associated with 154 target genes that Woo et al. identified. (For a more detailed

• Because Noh and Gunawan examined a connectivity
map [61] (CMAP), which typically provides one dose
density for each drug, tensor representation cannot
be implemented.
• Given that Noh and Gunawan’s methodology cannot
screen drugs, drugs of interest are pre-selected with
external information (in their case, drugs whose
targeted TFs are included in the database that they
used, STITCH [62], were selected).
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Fig. 4 A boxplot of ranks of TFs inferred by Enrichr. The numbers are median ranks. TD: TD-based unsupervised FE, DeltaNet: Noh and Gunawan,
SSEM: sparse simultaneous equation model, Z-score: Z-score–based ranking. The full list is available in Additional file 6

description of how TD-based unsupervised FE was performed on their CP14 dataset, see Additional file 1).
These two examples where TD-based unsupervised FE
was applied to a small-scale dataset – on which the existing methods have been tested – definitely show that the
proposed methodology is useful only for a large-scale
dataset where more than a hundred compounds have been
analysed and screening of compounds is required. Thus,
the existing methods pose multiple difficulties with application to LINCS as is, whereas the proposed methodology,
TD-based unsupervised FE, shows some difficulties with
small-scale datasets (to which the existing methods have
been applied). Therefore, direct comparisons between
the proposed methodology and the existing approaches
proved to be problematic. It is best to regard all these
methods as suitable for distinct situations; the existing
approaches are suited to a small-scale dataset, whereas
the proposed methodology is fine-tuned to large-scale
datasets that include much greater numbers of candidate compounds. In addition, the proposed methodology
does not require either control samples or comprehensive
gene expression profiles, which are not available in LINCS
associated with expression profiles of only 978 genes. In
conclusion, in spite of the unsupervised nature, TD-based
unsupervised FE is aimed at exploring a next-generation
large-scale dataset like LINCS, not a classical small-scale
dataset previously analysed.

Uselessness of other more popular drug target databases
for validation of targets

Readers may ask why I did not use more major drug
target databases, e.g., DrugBank [63] or BindingDB [64].
The reason is simply the smaller number of target proteins included in these databases in comparison with
drug2gene.com or DSigDB. Table 6 shows the list of numbers of target proteins for the compounds considered
in this study. It is obvious that DrugBank and BindingDB include substantially smaller numbers of target
proteins for individual drug candidates than do databases
drug2gene.com and DSigDB. Because Fisher’s exact test
cannot avoid yielding larger P-values (associated with
lower statistical significance) for smaller sample sizes,
there were no reasons to employ DrugBank or BindingDB
instead of databases drug2gene.com and DSigDB.

Conclusions
The proposed method is specifically designed for largescale datasets (including hundreds of treatments with
compounds), not for conventional small-scale datasets.
The obtained results indicate that two compounds that
have not been extensively studied, WZ-3105 and CGP60474, represent promising drug candidates targeting
multiple cancers, including melanoma, adenocarcinoma,
liver carcinoma, and breast, colon, and prostate cancers,
which were analysed in this in silico study.
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Table 6 The numbers of target proteins of individual
compounds included in four databases
BindingDB

drug2gene.com

TD

Compounds

DrugBank

DSigDB

Dabrafenib

5

4

15

125

Dinaciclib

—

5

67

40

CGP-60474

—

8

49

16

LDN-193189

—

17

12

19

OTSSP167

—

—

—

237

WZ-3105

—

—

—

36

AT-7519

2

8

388

30

BMS-387032

—

3

392

37

JNK-9L

—

3

16

64

Alvocidib

12

31

495

—

GSK-2126458

—

5

—

—

NVP-BEZ235

—

7

76

6

Torin-2

—

10

15

15

NVP-BGT226

—

—

—

—

NVP-BGT226

—

—

—

—

Celastrol

—

6

—

89

A443654

—

3

177

104

NVP-AUY922

—

3

5

—

Radicicol

5

9

—

136

Materials and Methods
Gene expression profiles

All the gene expression profiles analysed in this study were
downloaded from Gene Expression Omnibus (GEO) [65]
(ID GSE70138). This super-series is composed of multiple
sub-series across which a single cell line is often distributed. GSEXXXXX_series_matrix.txt.gz files included
in the Series Matrix File(s) of each sub-series were downloaded; XXXXX stands for the GEO ID of each sub-series.
Briefly, cell lines in which significant effects were observed
24 h after the treatment with six different doses of the
investigated compounds were selected, and the maximum
of 13 cell lines could be used. Gene expression levels,
determined in one type of cells, after application of the
same doses of compounds were averaged. If the applieddose data were partially unavailable, these analyses were
removed because TD does not permit any missing values.
The numbers of compounds tested on each cell line are
listed in Table 1, in the ‘all compounds’ category. Detailed
information about the sub-series and cell lines used in the
study is available in Additional file 1.

Gene expression profiles obtained for each cell line were
treated as a three-mode tensor with dose-dependence
mode, compound mode, and gene mode. xij is the th
expression of a gene after the treatment with the jth
compound at the concentration of i. The number of different doses applied (i = 1, . . . , 6) and the analysed genes
( = 1, . . . , 978) are fixed regardless of the cell line.
The number of compounds used for the cell treatments
varies among the cell lines, from 100 to 300 (‘all compounds’ category in Table 1). Higher-order singular value
decomposition (HOSVD) was independently applied to
the gene expression tensor in each cell line, and core
tensors, Gk1 ,k2 ,k3 , k1 = 1, . . . , 6, k2 = 1, . . . , J, k3 =
1, . . . , 978, were obtained, where J is the number of compounds tested on each cell line, as well as three singularvalue matrices corresponding to dose dependence xk1 ,i ,
compounds
xk2 ,j , and genes xk3 , , which satisfy xij =

k1 ,k2 ,k3 Gk1 ,k2 ,k3 xk1 ,i xk2 ,j xk3 , . For more details, see Additional file 1.
Selection of the dose dependence mode for FE

The components coinciding with dose-dependent alterations had to be determined, to specify the dose dependence component used for FE. Here, it was observed that,
regardless of the cell line analysed, the second component of the dose dependence mode always represents an
almost linear dose dependence (Additional file 2). Therefore, it was decided to employ core tensors G2,k2 ,k3 , as
those applied to the selection of components used for FE.
To identify G2,k2 ,k3 used for FE, G2,k2 ,k3 associated with
exceptionally large absolute values had to be determined.
To identify these G2,k2 ,k3 s, independent normal distributions of G2,k2 ,k3 were assumed. Afterwards, P-values were
attributed to all G2,k2 ,k3 values
using a χ 2 distribution:
2 
G
P(k2 , k3 ) = Pχ > 2,kσG2 ,k3
, where σG is the standard
deviation of G2,k2 ,k3 , and Pχ [ > x] is cumulative probability that the argument is greater than x assuming a χ 2
distribution with one degree of freedom. P-values were
then adjusted using the Benjamini–Hochberg (BH) criterion [66], which was successfully applied to P-values
obtained by PCA-based unsupervised FE [11–31] and
(k2 , k3 ) associated with the adjusted P-values lower than
0.01 was selected. This approach typically resulted in
∼1,000 (k2 , k3 )s (the section ‘Cell lines and GEO files’
in Additional file 1). Because this number is too large
to be used for FE, and the cumulative
contribution of




Gk1 ≤6,k2 ≤6,k3 ≤6 =
TD-based unsupervised FE

In Fig. 2, an overview of the analysis is shown, and the
procedure is described step-by-step in the following subsections.

k1 ≤6,k2 ≤6,k3 ≤6



k1 ,k2 ,k3



Gk1 ,k2 ,k3
2

Gk1 ,k2 ,k3

2

, exceeds 0.95 for

almost all cell lines, it was decided to employ (k1 = 2, k2 ≤
6, k3 ≤ 6) components for FE. Nonetheless, in the case of
PC3 cells, (k1 = 2, k2 ≤ 8, k3 ≤ 8) as an exception was
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applied to FE because the eighth component was found to
have non-negligible contributions in this cell line.
FE

To identify the genes and compounds associated with
a significant dose-dependent activity, it was assumed
that xk2 ≤6,j and xk3 ≤6, follow independent normal distributions and P-values were attributed to the jth
compound
th gene using a χ 2 distribution,
 and the
x 2
x 2


andP = Pχ > k3 ≤6 σk3 ,
Pj = Pχ > k2 ≤6 σk2 ,j
k2

k3

where σk2 and σk3 are standard deviations of xk2 ,j and xk3 ,l ,
respectively. For PC3 cells, k2 ≤ 8 and k3 ≤ 8 were used
in the above equation. Pχ [ > x] is the cumulative probability that the argument is greater than x assuming a χ 2
distribution with eight degrees of freedom for PC3 cell
lines and with six degrees of freedom for other cell lines.
Pj and P were adjusted by means of the BH criterion,
and compounds and genes associated with the adjusted
P-value lower than 0.01 were selected as those associated
with a significant dose-dependent cellular response. The
obtained results are listed as ‘inferred genes’ and ‘inferred
compounds’ in Table 1.
Conversion of prob IDs to the gene symbols

Because genes are identified using prob ID in a gene
expression profile, whereas Enrichr accepts only gene
symbols, prob IDs were converted to gene symbols
using a gene ID conversion tool in DAVID [67, 68].
The conversion table is presented in Additional file 7.

was used. Genes for which a ‘no binding’ response was
obtained were excluded. Often, more than one data source
came up when DSigDB was used. In these cases, data
taken from LINCS [72] were generally used. For AT-7519
and BMS-387032, KINOMEscan data were employed
because DSigDB does not include data from LINCS for
these compounds. Only D2 (kinase inhibitors) were used.
Evaluation of the significance of coincidence

To evaluate statistical significance of the coincidence
of the interactions identified here and those previously
reported, Fisher’s exact test was carried out. The number of background genes is required, but ‘Single Gene
Perturbations from GEO up’ and ‘PPI Hub Proteins’ do
not include all genes, and not all genes are reported
in other studies. Nonetheless, it was assumed that the
number of background genes was 20,000, which is considered an approximate number of human genes [73]. Data
with P-values less than 0.05 were considered significant.
Contingency tables are available in Additional file 3.
Retrieving adjusted P-values attributed to ‘predicted
targets’ by Enrichr

A set of ‘inferred genes’ as gene symbols was uploaded to
Enrichr. Then, ‘Single Gene Perturbations category from
GEO up’ or ‘PPI Hub Proteins’ were referenced, and the
resulting table is downloaded. Then, genes associated with
adjusted P-values less than 0.01 in at least one of included
cell lines were identified as ‘predicted targets’.
Statistical analysis

The analysis of genes obtained using TD-based
unsupervised FE

As illustrated in Fig. 3, in addition to the list of genes
obtained by TD-based unsupervised FE, a list of genes
for identification of the association between genes showing dose-dependent alterations in the expression (‘inferred
genes’) and genes targeted by the compounds shown to
have a dose-dependent activity (‘predicted targets’) was
required as well. Therefore, genes selected by TD-based
unsupervised FE were uploaded to Enrichr, and downloaded the list of genes found in the ‘Single Gene Perturbations from GEO up’ category. The genes showing
adjusted P-values lower than 0.01 were identified as the
target genes of the analysed compounds (Table 1; ‘predicted targets’). The ‘Single Gene Perturbations from GEO
up’ category was replaced with the ‘PPI Hub Proteins’ category to obtain the results presented in Table 4, by means
of the same protocols.

All the calculations were performed in the R software
(version 3.3.0) [74]. Gene expression profiles downloaded
from GEO were loaded into R using the read.table
function. HOSVD analyses were conducted by means of
the hosvd function in the R package rTensor. P-values
were computed using the pchisq function and adjusted
by the p.adjust function with the ‘BH’ option. Fisher’s
test was carried out by means of the fisher.test
function.

Additional files
Additional file 1: Supporting Information with the Fig. S1 legend. (PDF
184 kb)
Additional file 2: Fig. S1 Second dose-dependent singular value vectors.
(PDF 19 kb)
Additional file 3: The detailed full list of the data in Table 2. (XLSX 22 kb)
Additional file 4: 1595 unique genes are listed in Enrichr. (XLSX 31 kb)

Previously identified compound–protein interactions

Additional file 5: Details of the GO term enrichment list. (XLSX 132 kb)

Two resources were selected: drug2gene.com [69] and
DSigDB [70]. On the drug2gene.com website, if no analysed compounds could be found, then InChiKey [71]

Additional file 6: A comparison with the dataset analysed by Noh and
Gunawan. (XLSX 9 kb)
Additional file 7: Conversion of prob IDs to gene symbols. (XLSX 45 kb)

Taguchi BMC Bioinformatics 2018, 19(Suppl 13):388

Abbreviations
BH: Benjamini–hochberg; CMAP: Connectivity map; DeMAND: Detecting
mechanism of action by network dysregulation; DMSO: Dimethyl sulfoxide;
DSigDB: Drug signatures dataBase; FE: Feature extraction; GEO: Gene
expression omnibus; GO: Gene ontology; GRN: Gene regulatory network;
HOSVD: Higher-order singular value decomposition; KO: Knockout; LINCS:
Library of integrated network-based cellular signatures; MF: Molecular
function; NSCLC: Non–small cell lung cancer; PCA: Principal component
analysis; PCC: Pearson correlation coefficient; PDB: Protein data base; PPI:
Protein–protein interaction; QUADrATiC: QUB accelerated drug and
transcriptomic connectivity; SSEM: Sparse simultaneous equation model;
STITCH: Search tool for interactions of chemicals; TD: Tensor decomposition;
TF: Transcription factor

Page 40 of 242

8.
9.

10.

11.

Funding
This study was supported by KAKENHI 17K00417 and a Chuo University grant
for special research projects. Publication costs were funded by KAKENHI.

12.

Availability of data and materials
The datasets supporting the conclusions of this article are available in the GEO
[65] repository, [unique persistent identifier and hyperlink to dataset(s) in
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE70138].

13.

About this supplement
This article has been published as part of BMC Bioinformatics Volume 19
Supplement 13, 2018: 17th International Conference on Bioinformatics (InCoB
2018): bioinformatics. The full contents of the supplement are available online
at https://bmcbioinformatics.biomedcentral.com/articles/supplements/
volume-19-supplement-13.

14.

15.

Authors’ contributions
YHT planned the research, performed the analyses, and wrote the paper. The
author read and approved the final manuscript.

16.

Ethics approval and consent to participate
Not applicable.

17.

Consent for publication
Not applicable.

18.

Competing interests
The author declares that he has no competing interests.

19.

Publisher’s Note

20.

Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.
21.
Received: 23 May 2018 Accepted: 25 September 2018
Published: 4 February 2019
References
1. Lionta GE, Vassilatis DK, Cournia Z. Structure-based virtual screening for
drug discovery: principles, applications and recent advances. Curr Top
Med Chem. 2014;14(16):1923–38.
2. Favia AD. Theoretical and computational approaches to ligand-based
drug discovery. Front Biosci. 2011;16:1276–90.
3. Liu C, Su J, Yang F, Wei K, Ma J, Zhou X. Compound signature detection
on LINCS L1000 big data. Mol Biosyst. 2015;11(3):714–22.
4. Hizukuri Y, Sawada R, Yamanishi Y. Predicting target proteins for drug
candidate compounds based on drug-induced gene expression data in a
chemical structure-independent manner. BMC Med Genomics. 2015;8:82.
5. Wang K, Sun J, Zhou S, Wan C, Qin S, Li C, He L, Yang L. Prediction of
drug-target interactions for drug repositioning only based on genomic
expression similarity. PLoS Comput Biol. 2013;9(11):1003315.
6. Iwata M, Sawada R, Iwata H, Kotera M, Yamanishi Y. Elucidating the
modes of action for bioactive compounds in a cell-specific manner by
large-scale chemically-induced transcriptomics. Sci Rep. 2017;7:40164.
7. Lee H, Kang S, Kim W. Drug Repositioning for Cancer Therapy Based on
Large-Scale Drug-Induced Transcriptional Signatures. PLoS ONE.
2016;11(3):0150460.

22.

23.

24.

25.

26.

Cheng J, Yang L, Kumar V, Agarwal P. Systematic evaluation of
connectivity map for disease indications. Genome Med. 2014;6(12):540.
Sirota M, Dudley JT, Kim J, Chiang AP, Morgan AA, Sweet-Cordero A,
Sage J, Butte AJ. Discovery and preclinical validation of drug indications
using compendia of public gene expression data. Sci Transl Med.
2011;3(96):96–77.
Iorio F, Bosotti R, Scacheri E, Belcastro V, Mithbaokar P, Ferriero R,
Murino L, Tagliaferri R, Brunetti-Pierri N, Isacchi A, di Bernardo D.
Discovery of drug mode of action and drug repositioning from
transcriptional responses. Proc Natl Acad Sci USA. 2010;107(33):14621–6.
Taguchi Y-H, Iwadate M, Umeyama H, Murakami Y. Principal component
analysis based unsupervised feature extraction applied to bioinformatics
analysis. In: Tsai JJP, Ng K-L, editors. Computational Methods with
Applications in Bioinformatics Analysis. Singapore: World Scientific; 2017.
Chap. 8.
Taguchi YH. microRNA-mRNA interaction identification in wilms tumor
using principal component analysis based unsupervised feature
extraction. In: 2016 IEEE 16th International Conference on Bioinformatics
and Bioengineering (BIBE); 2016. p. 71–8. https://doi.org/10.1109/BIBE.
2016.14.
Taguchi YH. Principal Components Analysis Based Unsupervised Feature
Extraction Applied to Gene Expression Analysis of Blood from Dengue
Haemorrhagic Fever Patients. Sci Rep. 2017;7:44016.
Taguchi Y-H. Principal component analysis based unsupervised feature
extraction applied to publicly available gene expression profiles provides
new insights into the mechanisms of action of histone deacetylase
inhibitors. Neuroepigenetics. 2016;8:1–18.
Taguchi YH, Iwadate M, Umeyama H. Principal component
analysis-based unsupervised feature extraction applied to in silico drug
discovery for posttraumatic stress disorder-mediated heart disease. BMC
Bioinforma. 2015;16:139.
Taguchi YH, Okamoto A. Principal component analysis for bacterial
proteomic analysis. vol. 7632. In: Shibuya T, Kashima H, Sese J, Ahmad S,
editors. Pattern Recognition in Bioinformatics, LNCS. Heidelberg: Springer;
2012. p. 141–52.
Ishida S, Umeyama H, Iwadate M, Taguchi YH. Bioinformatic Screening
of Autoimmune Disease Genes and Protein Structure Prediction with
FAMS for Drug Discovery. Protein Pept Lett. 2014;21(8):828–39.
Kinoshita R, Iwadate M, Umeyama H, Taguchi YH. Genes associated with
genotype-specific DNA methylation in squamous cell carcinoma as
candidate drug targets. BMC Syst Biol. 2014;8(Suppl 1):4.
Taguchi YH, Murakami Y. Principal component analysis based feature
extraction approach to identify circulating microRNA biomarkers. PLoS
ONE. 2013;8(6):66714.
Taguchi YH, Murakami Y. Universal disease biomarker: can a fixed set of
blood microRNAs diagnose multiple diseases?,. BMC Res Notes. 2014;7:
581.
Murakami Y, Toyoda H, Tanahashi T, Tanaka J, Kumada T, Yoshioka Y,
Kosaka N, Ochiya T, Taguchi YH. Comprehensive miRNA expression
analysis in peripheral blood can diagnose liver disease. PLoS ONE.
2012;7(10):48366.
Murakami Y, Tanahashi T, Okada R, Toyoda H, Kumada T, Enomoto M,
Tamori A, Kawada N, Taguchi YH, Azuma T. Comparison of
Hepatocellular Carcinoma miRNA Expression Profiling as Evaluated by
Next Generation Sequencing and Microarray. PLoS ONE. 2014;9(9):106314.
Murakami Y, Kubo S, Tamori A, Itami S, Kawamura E, Iwaisako K, Ikeda
K, Kawada N, Ochiya T, Taguchi YH. Comprehensive analysis of
transcriptome and metabolome analysis in Intrahepatic
Cholangiocarcinoma and Hepatocellular Carcinoma. Sci Rep. 2015;5:
16294.
Umeyama H, Iwadate M, Taguchi YH. TINAGL1 and B3GALNT1 are
potential therapy target genes to suppress metastasis in non-small cell
lung cancer. BMC Genomics. 2014;15(Suppl 9):2.
Taguchi YH, Iwadate M, Umeyama H. Heuristic principal component
analysis-based unsupervised feature extraction and its application to
gene expression analysis of amyotrophic lateral sclerosis data sets. In:
Computational Intelligence in Bioinformatics and Computational Biology
(CIBCB), 2015 IEEE Conference On; 2015. p. 1–10. https://doi.org/10.1109/
CIBCB.2015.7300274.
Taguchi YH, Iwadate M, Umeyama H, Murakami Y, Okamoto A. Heuristic
principal component analysis-based unsupervised feature extraction and

Taguchi BMC Bioinformatics 2018, 19(Suppl 13):388

27.

28.

29.

30.

31.

32.

33.

34.

35.
36.

37.

38.

39.
40.

41.

42.

43.

44.
45.
46.

its application to bioinformatics. In: Wang B, Li R, Perrizo W, editors. Big
Data Analytics in Bioinformatics and Healthcare; 2015. p. 138–62. https://
doi.org/10.4018/978-1-4666-6611-5.ch007.
Taguchi YH. Intelligent Computing in Bioinformatics, LNCS. In:
Huang D-S, Han K, Gromiha M, editors. Heidelberg: Springer; 2014.
p. 445.
Taguchi YH. Identification of aberrant gene expression associated with
aberrant promoter methylation in primordial germ cells between E13 and
E16 rat F3 generation vinclozolin lineage. BMC Bioinforma. 2015;16
(Suppl 18):16.
Taguchi YH. Identification of More Feasible MicroRNA-mRNA
Interactions within Multiple Cancers Using Principal Component
Analysis Based Unsupervised Feature Extraction. Int J Mol Sci. 2016;17(5):
696.
Taguchi YH. Principal component analysis based unsupervised feature
extraction applied to budding yeast temporally periodic gene expression.
BioData Min. 2016;9:22.
Taguchi YH, Iwadate M, Umeyama H. SFRP1 is a possible candidate for
epigenetic therapy in non-small cell lung cancer. BMC Med Genomics.
2016;9(Suppl 1):28.
O’Reilly PG, Wen Q, Bankhead P, Dunne PD, McArt DG, McPherson S,
Hamilton PW, Mills KI, Zhang S-D. QUADrATiC: scalable gene expression
connectivity mapping for repurposing FDA-approved therapeutics. BMC
Bioinformatics. 2016;17(1):198.
Ji Z, Su J, Liu C, Wang H, Huang D, Zhou X. Integrating genomics and
proteomics data to predict drug effects using binary linear programming.
PLoS ONE. 2014;9(7):102798.
Hsieh Y-Y, Huang T-C, Lo H-L, Jhan J-Y, Chen S-T, Yang P-M. Systematic
discovery of drug action mechanisms by an integrated chemical
genomics approach: identification of functional disparities between
azacytidine and decitabine. Oncotarget. 2016;7(19):27363–78.
Cheng L, Li L. Systematic quality control analysis of LINCS data. CPT
Pharmacometrics Syst Pharmacol. 2016;5(11):588–98.
Wolf HD, Bondt AD, Turner H, Göhlmann HWH. Transcriptional
characterization of compounds: Lessons learned from the public LINCS
data. ASSAY Drug Dev Technol. 2016;14(4):252–60.
Duan Q, Reid SP, Clark NR, Wang Z, Fernandez NF, Rouillard AD,
Readhead B, Tritsch SR, Hodos R, Hafner M, Niepel M, Sorger PK,
Dudley JT, Bavari S, Panchal RG, Ma’ayan A. L1000cds2: LINCS l1000
characteristic direction signatures search engine. npj Syst Biol Appl.
2016;2(1):16015.
Aliper A, Plis S, Artemov A, Ulloa A, Mamoshina P, Zhavoronkov A. Deep
learning applications for predicting pharmacological properties of drugs
and drug repurposing using transcriptomic data. Mol Pharm. 2016;13(7):
2524–30.
Wang Z, Clark NR, Ma’ayan A. Drug-induced adverse events prediction
with the LINCS l1000 data. Bioinformatics. 2016;32(15):2338–45.
Kuleshov MV, ones MR, Rouillard AD, Fernandez NF, Duan Q, Wang Z,
Koplev S, Jenkins SL, Jagodnik KM, Lachmann A, McDermott MG,
Monteiro CD, Gundersen GW, Ma’ayan A. Enrichr: a comprehensive gene
set enrichment analysis web server 2016 update. Nucleic Acids Res.
2016;44(W1):90–7.
Reimand J, Arak T, Adler P, Kolberg L, Reisberg S, Peterson H, Vilo J.
g:Profiler-a web server for functional interpretation of gene lists
(2016 update). Nucleic Acids Res. 2016;44(W1):83–9.
Ember SW, Zhu JY, Olesen SH, Martin MP, Becker A, Berndt N, Georg GI,
Schonbrunn E. Acetyl-lysine binding site of bromodomain-containing
protein 4 (BRD4) interacts with diverse kinase inhibitors. ACS Chem Biol.
2014;9(5):1160–71.
von Eichborn J, Dunkel M, Gohlke BO, Preissner SC, Hoffmann MF,
Bauer JMJ, Armstrong JD, Schaefer MH, Andrade-Navarro MA,
Le Novere N, Croning MDR, Grant SGN, van Nierop P, Smit AB,
Preissner R. Synsysnet: integration of experimental data on synaptic
protein-protein interactions with drug-target relations. Nucleic Acids Res.
2013;41(D1):834–40.
Lachmann A, Ma´ayan A. KEA: kinase enrichment analysis. Bioinformatics.
2009;25(5):684–6.
Blachly JS, Byrd JC. Emerging drug profile: cyclin-dependent kinase
inhibitors. Leuk Lymphoma. 2013;54(10):2133–43.
Senderowicz AM. Flavopiridol: the first cyclin-dependent kinase inhibitor
in human clinical trials. Invest New Drugs. 1999;17(3):313–20.

Page 41 of 242

47. Tan AR, Swain SM. Review of flavopiridol, a cyclin-dependent kinase
inhibitor, as breast cancer therapy. Semin Oncol. 2002;29(3 Suppl 11):
77–85.
48. Gibney GT, Zager JS. Clinical development of dabrafenib in BRAF mutant
melanoma and other malignancies. Expert Opin Drug Metab Toxicol.
2013;9(7):893–9.
49. Sun Z, Li Q, Zhang S, Chen J, Huang L, Ren J, Chang Y, Liang Y, Wu G.
NVP-BEZ235 overcomes gefitinib-acquired resistance by down-regulating
PI3K/AKT/mTOR phosphorylation. Onco Targets Ther. 2015;8:269–77.
50. Santo L, Vallet S, Hideshima T, Cirstea D, Ikeda H, Pozzi S, Patel K,
Okawa Y, Gorgun G, Perrone G, Calabrese E, Yule M, Squires M, Ladetto
M, Boccadoro M, Richardson PG, Munshi NC, Anderson KC, Raje N.
AT7519, A novel small molecule multi-cyclin-dependent kinase inhibitor,
induces apoptosis in multiple myeloma via GSK-3beta activation and RNA
polymerase II inhibition. Oncogene. 2010;29(16):2325–36.
51. Ali JL, Lagasse BJ, Minuk AJ, Love AJ, Moraya AI, Lam L, Arthur G,
Gibson SB, Morrison LC, Werbowetski-Ogilvie TE, Fu Y, Nachtigal MW.
Differential cellular responses induced by dorsomorphin and LDN-193189
in chemotherapy-sensitive and chemotherapy-resistant human epithelial
ovarian cancer cells. Int J Cancer. 2015;136(5):455–69.
52. Chung S, Suzuki H, Miyamoto T, Takamatsu N, Tatsuguchi A, Ueda K,
Kijima K, Nakamura Y, Matsuo Y. Development of an orally-administrative
MELK-targeting inhibitor that suppresses the growth of various types of
human cancer. Oncotarget. 2012;3(12):1629–40.
53. Misra RN, Xiao HY, Kim KS, Lu S, Han WC, Barbosa SA, Hunt JT,
Rawlins DB, Shan W, Ahmed SZ, Qian L, Chen BC, Zhao R, Bednarz MS,
Kellar KA, Mulheron JG, Batorsky R, Roongta U, Kamath A, Marathe P,
Ranadive SA, Sack JS, Tokarski JS, Pavletich NP, Lee FY, Webster KR,
Kimball SD. N-(cycloalkylamino)acyl-2-aminothiazole inhibitors of cyclindependent kinase 2. N-[5-[[[5-(1,1-dimethylethyl)-2-oxazolyl]methyl]thio]2-thiazolyl]-4- piperidinecarboxamide (BMS-387032), a highly efficacious
and selective antitumor agent. J Med Chem. 2004;47(7):1719–28.
54. Roskoski R. Cyclin-dependent protein kinase inhibitors including
palbociclib as anticancer drugs. Pharmacol Res. 2016;107:249–75.
55. Kuo GH, Deangelis A, Emanuel S, Wang A, Zhang Y, Connolly PJ,
Chen X, Gruninger RH, Rugg C, Fuentes-Pesquera A, Middleton SA,
Jolliffe L, Murray WV. Synthesis and identification of [1,3,5]triazinepyridine biheteroaryl as a novel series of potent cyclin-dependent kinase
inhibitors. J Med Chem. 2005;48(14):4535–46.
56. Stanetty P, Hattinger G, Schnurch M, Mihovilovic MD. Novel and
efficient access to phenylamino-pyrimidine type protein kinase C
inhibitors utilizing a Negishi cross-coupling strategy. J Org Chem.
2005;70(13):5215–20.
57. Wildey G, Chen Y, Lent I, Stetson L, Pink J, Barnholtz-Sloan JS, Dowlati
A. Pharmacogenomic approach to identify drug sensitivity in small-cell
lung cancer. PLoS ONE. 2014;9(9):106784.
58. Noh H, Gunawan R. Inferring gene targets of drugs and chemical
compounds from gene expression profiles. Bioinformatics. 2016;32(14):
2120–7.
59. Woo JH, Shimoni Y, Yang WS, Subramaniam P, Iyer A, Nicoletti P,
Rodriguez Martinez M, Lopez G, Mattioli M, Realubit R, Karan C,
Stockwell BR, Bansal M, Califano A. Elucidating Compound
Mechanism of Action by Network Perturbation Analysis. Cell. 2015;162(2):
441–51.
60. Clark NR, Hu KS, Feldmann AS, Kou Y, Chen EY, Duan Q, Ma’ayan A. The
characteristic direction: a geometrical approach to identify differentially
expressed genes. BMC Bioinforma. 2014;15:79.
61. Lamb J, Crawford ED, Peck D, Modell JW, Blat IC, Wrobel MJ, Lerner J,
Brunet JP, Subramanian A, Ross KN, Reich M, Hieronymus H, Wei G,
Armstrong SA, Haggarty SJ, Clemons PA, Wei R, Carr SA, Lander ES,
Golub TR. The Connectivity Map: using gene-expression signatures to
connect small molecules, genes, and disease. Science. 2006;313(5795):
1929–35.
62. Kuhn M, Szklarczyk D, Pletscher-Frankild S, Blicher TH, von Mering C,
Jensen LJ, Bork P. STITCH 4: integration of protein-chemical interactions
with user data. Nucleic Acids Res. 2014;42(Database issue):401–7.
63. Wishart DS, Feunang YD, Guo AC, Lo EJ, Marcu A, Grant JR, Sajed T,
Johnson D, Li C, Sayeeda Z, Assempour N, Iynkkaran I, Liu Y,
Maciejewski A, Gale N, Wilson A, Chin L, Cummings R, Le D, Pon A,
Knox C, Wilson M. DrugBank 5.0: a major update to the DrugBank
database for 2018. Nucleic Acids Res. 2017;46(D1):1074–82.

Taguchi BMC Bioinformatics 2018, 19(Suppl 13):388

64. Gilson MK, Liu T, Baitaluk M, Nicola G, Hwang L, Chong J. BindingDB in
2015: A public database for medicinal chemistry, computational chemistry
and systems pharmacology. Nucleic Acids Res. 2015;44(D1):1045–53.
65. Clough E, Barrett T. The Gene Expression Omnibus Database. Methods
Mol Biol. 2016;1418:93–110.
66. Benjamini Y, Hochberg Y. Controlling the false discovery rate: A practical
and powerful approach to multiple testing. J R Stat Soc Ser B Methodol.
1995;57(1):289–300.
67. Huang DAW, Sherman BT, Lempicki RA. Systematic and integrative
analysis of large gene lists using DAVID bioinformatics resources. Nat
Protoc. 2009;4(1):44–57.
68. Huang DAW, Sherman BT, Lempicki RA. Bioinformatics enrichment tools:
paths toward the comprehensive functional analysis of large gene lists.
Nucleic Acids Res. 2009;37(1):1–13.
69. Roider HG, Pavlova N, Kirov I, Slavov S, Slavov T, Uzunov Z, Weiss B.
Drug2Gene: an exhaustive resource to explore effectively the drug-target
relation network. BMC Bioinforma. 2014;15:68.
70. Yoo M, Shin J, Kim J, Ryall KA, Lee K, Lee S, Jeon M, Kang J, Tan AC.
DSigDB: drug signatures database for gene set analysis. Bioinformatics.
2015;31(18):3069–71.
71. Heller S, McNaught A, Stein S, Tchekhovskoi D, Pletnev I. InChI - the
worldwide chemical structure identifier standard. J Cheminform.
2013;5(1):7.
72. Duan Q, Flynn C, Niepel M, Hafner M, Muhlich JL, Fernandez NF,
Rouillard AD, Tan CM, Chen EY, Golub TR, Sorger PK, Subramanian A,
Ma’ayan A. LINCS Canvas Browser: interactive web app to query, browse
and interrogate LINCS L1000 gene expression signatures. Nucleic Acids
Res. 2014;42(Web Server issue):449–60.
73. Ezkurdia I, Juan D, Rodriguez JM, Frankish A, Diekhans M, Harrow J,
Vazquez J, Valencia A, Tress ML. Multiple evidence strands suggest that
there may be as few as 19,000 human protein-coding genes. Hum Mol
Genet. 2014;23(22):5866–78.
74. R Core Team. R: A Language and Environment for Statistical Computing.
Vienna: R Foundation for Statistical Computing; 2015. R Foundation for
Statistical Computing https://www.R-project.org/.

Page 42 of 242

