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ABSTRACT

A bioinformatic strategy was proposed for linking ligand Protein Data Bank (PDB) structural fragments to ChEMBL
IC, bioactivity of Protein Kinases (PKs). A bootstrap procedure, based on exhaustive enumeration, was used to
assemble, and statistically evaluate, sets of fragments that were enriched for ligands that target PKs in separate branches
of the kinome tree. Results found that probes comprised of six fragments return 84% correct predictions for branch-
selective PKs ligands. Self-organizing maps were used to cluster the enriched six-fragment probes and, separately,
the ChEMBL IC, data, to identify branch-selective fragments and branch-chemoselective ligands. A contingency
table, based on the co-occurrence of branch-chemoselective ligands possessing branch-selective fragments, used for
Fisher’s exact tests of independence, found an average recovery of 44% for branch-chemoselective ligands. Seven
percent (7%) of these cases represent exact structural matches to PDB ligands, inclusive of eight Food and Drug
Administration (FDA) approved oncology compounds. Binding site analysis of enriched branch-selective fragments
for these FDA ligands found roles for key hydrophobic and non-hydrophobic interactions. Global extension of these
results found a subset of 402 branch-chemoselective ligands with enriched branch-selective fragments, but without
crystallographic data, as candidates for selectively targeting PKs. These results extend the use of fragmentselective
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mining of chemical libraries aimed at discovering ligands that target PKs in separate kinome branches.
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INTRODUCTION

Fragmentbased Drug Discovery (FBDD) is a powerful tool for
discovering leads into small molecule therapies for many human
diseases [1,2]. The successful application of FBDD is evident from
the nearly three thousand publications currently listed in PubMed
Central. FBDD begins with a selection of smaller than ligand
substructures that are linked together, chemically or in-silico, to
efficiently propose drug leads; leveraging the reduction of chemical
space due to fragmentbased (versus atom-based) explorations. A
significant factor in this success has been the utilization of ligand-
target interaction architecture, especially when seeking selectivity
[3-5]. Advances in synthetic chemistry have also contributed to
FBDD’s successes by generating large fragment libraries for testing
[6]. FBDD offers a broad range of strategies, including, but not
exclusive to, knowledge-driven focused optimizations of potent
fragments and fragmentselective surveys of large chemical libraries
or bioactivity databases [7,8].

Protein kinases (PKs) are exceeded only by G-protein coupled
receptors as highly desirable therapeutic targets [9,10]. PKs have
vital roles in cellular signaling, making small-molecule mediated
interference in signal transduction a highly soughtafter goal [11-
13]. Ligands that target PKs achieve potency by having strong
binding interactions, typically through hydrophobic and hydrogen
bonding [14]. Finding potent inhibition begins the process of
achieving selectivity, often addressed using apparently limitless
medicinal Crystallographic  PKs
complexed with small molecule ligands provide atomic indicators
for potency and selectivity. Previous studies provide details of PKs-
ligand architecture and others make this information universally

available [15,16].

chemistry modifications.

Diverse approaches are reported within the body of FBDD literature
for exploiting PKs ligand binding sites. Notable is the KinFragLib
effort of Volkamer, et al. [17], where chemically synthesizable
fragments are used as probes into different regions of the PK’s
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ligand binding cleft. A slightly different design can be found in
the work of Lunney, et al. [18] where the Pfizer internal crystal
database was mined to compile fragments that bind to PKs binding
pocket. Computational explorations of core structures as templates
for molecular design appear in Dimova, et al. [19] with supporting
commentary in Hu, et al. [20]. Many of these FBDD designs are
aimed at producing large numbers of potentially testable fragments
(>7k for KinFragLib and uncountable for synthetic 3D fragment
libraries).

Although the successes of FBDD are widely published, seeking
improvements that advance the current efforts remains an active
research goal [21,22]. One area of improvement focuses on assessing
the performance FBDD for identifying biologically active ligands
within publicly accessible databases. Strengthening this structure-
activity interface will further enhance the utility of FBDD, by
providing novel search strategies for identifying ligands that target
kinome proteins. With these goals in mind, this study proposes
a joint analysis of kinome ligand fragments and their association
with biological activity. A two-step design will be used to apply a
bootstrap procedure that assembles and statistically evaluates sets
of fragments that are enriched within ligands that target PKs in
separate branches of the kinome tree and also assess whether these
kinome branch-selective fragments can be used to mine existing
databases for ligands with kinome branch-specific chemoselectivity.

The components of this analysis will first, explore ligand
fragments, derived from existing crystallographic complexes to
determine statistically validated fragment subsets that are enriched
for ligands targeting PKs of each kinome branch [23]. Second,
enriched ligand fragments are used for fragmentselective surveys
of compounds within public databases aimed at identifying and
statistically evaluating their co-occurrence with kinome branch-
chemoselectivity. The overarching purpose of this design is to
link ligand structural features, via their fragments, to PK ligand
chemoselectivity.

MATERIALS AND METHODS

Study population

PKs constitute one of the largest protein families with over 500
members encoded in the human genome [24,25]. Kinome-targeted
inhibitor discovery seeks to find ligands that can bind to specific
kinases, notwithstanding the fact that all catalytic kinase domains
share a common folding motif [26]. Two publicly available data
sources are used such as the Kinase Ligand Interaction Fingerprints
and Structures (KLIFS) database and the Chemistry European
Molecular Biology Laboratory database (ChEMBL). The first
database includes the available crystallographic structures of PKs
and their co-crystallized ligands. Eukaryotic PKs have been classified
based on their sequence similarity into seven main branches such
as protein kinase AGC (AGC), Calmodulin/calcium regulated
Kinases (CAMK), Casein Kinasel (CK1), CMGC, STE, Tyrosine
Kinase (TK) and Tyrosine Kinase-Like (TKL). Sequence variations
across kinome branches, combined with advances in protein and
cell-level experimental techniques and an increase in structure-
based knowledge of PKs, finds binding site variations between PKs
in kinome branches [27,28]. Zhao, et al. [29] have proposed target-
selective binding architectures for these major kinome branches.
Linden, et al. [45] has also comprehensively examined the inhibitor
binding site architecture. Across-branch profiling has also been used
to repurpose Imatinib as an adjuvant treatment for Gastrointestinal
Stromal Tumors (GIST). The KLIFS database has made the PKs
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crystallographic information freely available, catalogued across
the major kinome branches. Downloading the KLIFS data yields
3832 PKs ligands for the seven major kinome branches. The major
branches with PKs for arms having a unique KLIFS ligand are
highlighted according to branch color. The Simplified Molecular
Input Line Entry Specification (SMILES) representation of these
ligands serves as input for the derivation of fragments. All SMILES
have been converted to a canonical format using OpenBabel [30].

Second, the ChEMBL database (www/chembl.org) provides
bioactivity screening results for small-molecule inhibitors of
kinome PKs [31]. The available dataset (ChEMBL_28) for kinome
ligands and their targets consists of >500,000 IC,, (uM) measures
across >500 proteins. Filtering these records to eliminate ChEMBL
ligands with few bioactivity measures (<5) and records with an
average IC_ less than 5.0 and a standard deviation below 0.5,
yields 22,635 ChEMBL ligands with IC, | measures across a total
of 461 PKs. The threshold-based pruning used here is arbitrary but
attempts to capture higher IC_ ligands while excluding records
with few measures. This data will be used for associating sets of
branch-selective fragments to branch-selective chemosensitivity.

Ligand fragmentation

The Redk package in the R programming language is used for
ligand fragmentation. Typically, Murko fragments are considered
in many Structure Activity Relationships (SAR) studies [32,33].
The inventors of this concept define a ring system as one or more
rings sharing an edge, and a framework as the union of rings plus
linker atoms connecting them [34]. Redk generates fragments
for rings and linker atoms, requiring, here, a minimum of three
heavy atoms. Due to the importance of connecting atoms in ring
systems for binding of ligands to their protein kinase targets, the
fragments used for analysis consist of rings and their connecting
atoms (referred to as linkage atoms) [35]. Throughout this analysis
these sub-structures will be referred to as kinome fragments, or
more simply, fragments. There are 6347 Rcdk-derived fragments
for the 3832 KLIFS ligands. Figure 1 displays an example set of
parent ligands and their Rcdk-derived fragments. The parent
ligands displayed in this example are all associated with PKs in
the AGC kinome branch. These ligands target PKAc and have
the Protein Data Bank (PDB) assigned names of 4uja, 4uj2, 4uj9
and 4ujb, with NVX, NVV, S3N and BBQ as their ligand names.
The six fragments associated with these ligands are displayed after
the parent ligands. Inspection reveals that inclusion of linker
connected fragments results in shared substructures. The analysis
proposed here will treat each fragment as a separate chemical entity

(Figure 1).
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Figure 1: 2D renderings of three kinome ligands that share six RCDK-
derived fragments. The parent ligands are all in the AGC kinome
branch. Labels for parent ligands include the kinome branch:PDB
target: PDB name:chain:ligand name. These ligands target PKAc and
have the PDB targets with assigned names of 4uja, 4uj2, 4uj9 and 4ujb,
and NVX, NVV, S3N and BBQ as their ligand names. The fragments are
assigned an arbitrary index (1 through 6347). In this example, fragment
indices 356, 358, 357, 26, 1 and 9 are ordered by molecular weight.
These indices and their SMILES appear below each 2D rendering.
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Fragment survey

The 15 most frequent KLIFS fragments are displayed in Figure 2,
where possible International Union of Pure and Applied Chemistry
(IUPAC) names are assigned. A sample of fragment canonical
SMILES, chemical names, and IUPAC names are mentioned.
As expected, phenyl (fragment 1) is the most frequent (n>2k). In
decreasing order of frequency, fragment 44 is pyridine, fragment
226 is pyrimidine, a fragment 32 is 7H-purine and fragment 31
is tetrahydrofuran. Fragment 13 is piperazine, fragment 33 is a
9-(oxolan-2yl) purine pyridine and fragment 38 is piperidine.
Fragments 182 and 125 are different tautomers of 1H-pyrazole.
Fragment 257 is N-phenylpyrimidin-2-amine, fragment 293
is cyclopropane, fragment 221 is 1,3-thiazole, fragment 299 is
morpholine and fragment 412 is cyclohexane. When possible,
[UPAC fragment names will be referenced, however, fragment
indices (1 through 6347) with be used throughout the manuscript
(Figure 2).
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Figure 2: Summary of the 15 most frequent fragments in the KLIFS
kinome dataset. Top panel displays the histogram count. Bottom panel
displays 2D renderings of these fragments and their associated indices.
Fragments with [UPAC names appear in the text.

Analysis of fragments utilize a Boolean data matrix consisting of
3832 rows, labelled according to the KLIFS ligand description
(branch:target name:chain:ligand name), and 6347 columns
(labeled by fragment indices). The cells in each row are true if
the ligand contains a fragment and false if it does not. The mean
number of fragments per ligand is 5.95 + 3.73, with a median of 6
fragments per ligand. The determination of fragment enrichment
is based on whether the sets of ligands within each kinome branch
(referred to as hits) have fragments that are statistically different
from fragments in the rest of the kinome branches (i.e., non-hits).
Branch-specific hits are statistically assessed for enrichment using a
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Fisher’s exact test of independence.
Fragment enumeration

The Boolean data matrix, consisting of 3832 rows (number of
KLIFS ligands, each identified by its kinome branch) by 6347
columns is used for analysis. Although the median number of
fragments per ligand is ~ 6, variations exist, inclusive of fragment
counts per ligand a high as fifteen and as low as one. The effect
of these variations on designing a systematic analysis of fragments
across branches of the kinome tree is illustrated. The upper
panel represents a case where three fragments appear in eight
KLIFS ligands that target three kinome branches (AGC, CK1 and
CMGCQ). The lower panel represents a case where many fragments
(n=12) appear in only six KLIFS ligands, all in the TKL branch.
In this latter case, only subsets of these twelve fragments appear
within the six TKL ligands. These extreme cases highlight the need
to develop a standardized procedure for fragment analysis (Figures

3A-3C).
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Figure 3: Represents 2D renderings of parent and fragment structures.
(A): Displays the case of few (n=3) fragments appearing in eight ligands
spanning three kinome branches.
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Figure 3B: Fragments are labelled by their index (1-6437) and molecular
weight. Parent ligands are labelled by their index (1-3832 PKs), kinome
branch, PKs name, PDB name for PKs, PKs chain and PDB name for
ligand.

The proposed strategy is to enumerate all possible fragment
combinations per ligand, centered on the population median of
six; and extended above and below this median, across a range of
4 to 8 fragments. For future reference, the enumeration results
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will be referred to as 4-mers, 5-mers, 6-mers, 7-mers and 8-mers.
Enumeration of each -mer is completed as an R-script using nested
loops. Developing the analysis around these -mers serves two
purposes. First, the identification of potential PKs based on the
existence of fragment composition of their ligand is generalized
to take into consideration the diverse numbers of fragments per
ligand. For example, a kinome ligand with twelve fragments could
be used to identify candidate ligands in a screening library that
possess these twelve fragments. While a ligand with all twelve
fragments may exist, absence of a hit would yield no information.
Systematic exploration of ligand candidates with fewer fragments
can yield screening hits which could be studied further. Second,
analysis of -mers can be used to apply statistical tests (e.g., Fisher’s
exact test of independence) for each enumeration to identify sets of
fragments that are enriched for a specific kinome branch. Therefore,
the starting Boolean matrix serves as input for enumeration of all
-mers and subsequent statistical testing for their enrichment within
each kinome branch.
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Figure 3C: Lower panel represents the case of twelve fragments associated
with six ligands in the AGC kinome branch.

Fragment enrichment

TThe process begins with the enumerated fragments (i.e., -mers)
derived from KLIFS. Typically, fragments associated with bioactivity
are used to conduct SARs. Here, bioactivity is replaced by kinome
branch and hits are represented by all rows in this matrix that are
in a kinome branch (either AGC, CK1, CAMK, CMGC, STE,
TK or TKL). The Boolean matrix, comprised of true and false
fragment assignments, is used to test whether sets of fragments can
be statistically associated with hits in a kinome branch. In other
words, is a ligand’s status of having or lacking a -mer independent
of its status as a hit (i.e., being in a specific kinome branch). A
Fisher’s exact test of independence (McDonald, 2014, Handbook of
Biological Statistics), applied to each set of enumerated fragments
(e.g. -mers), yields a pwvalue for assessing whether fragments
associated with hit ligands are enriched when compared to their
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appearance in non-hit ligands. Using the example of 6-mers,
enumeration of KLIFS ligands sharing six fragments (i.e., 6-mers)
is obtained for the 3832 ligands. These results are segregated into
6-mers from ligands within (hits) and excluded (non-hits) from a
specific kinome branch, to generate a contingency table for Fisher’s
exact testing. Statistically significant cases determine enriched sets
of -mers within a kinome branch. Quantile-quantile plots (QQ)
plot [36]. The vector of p-values generated for all kinome branches
is strongly different from random.

ROC analysis of enriched -mers

Enriched 6-mers can be used to generate ROC curves for determining
whether their Area under Curve (AUC) values is significantly
different from random [37]. Testing is based on tabulating the
enriched fragments within the enumerated results for all ligands
containing a specific 6-mer and dividing these ligands into those
included and excluded from a kinome branch. ROC generates a
curve for the false positive fraction (cases where an enriched -mer
occurs for a ligand excluded from a kinome branch) over a range
of zero to one. The area under each ROC is used to determine
whether the enrichment results are different from random.

Data clustering of fragments and ChREMBL IC,  data

Numerous statistical tools are now available for clustering data
[38]. Relying on our prior analysis, the results presented here use
Self-OrganizingMaps (SOMs) [39-41]. In general, each SOM node
defines a codebook vector representing the average response for
members clustered to that SOM node. SOM codebook vectors
serve as a basis for comparisons to other SOM nodes and for
statistical testing of within kinome branch preferences. Two data
sources will be clustered; the first is for fragments with significant
Fisher’s exact enrichment scores and the second is for the ChEMBL
IC,, data. For purposes of nomenclature, codebook vectors of
SOMs for each dataset will be identified using subscripted prefixes;
fragSOM and ChEMBLSOM, respectively. fragSOM patterns are
used to cluster groups of -mers enriched within a kinome branch,
while ChEMBLSOM patterns will be used to cluster compounds
with enhanced chemosensitivity for PKs within a kinome branch.
While each SOM node represents a cluster of input vectors,
these nodes can be optimally grouped into meta-clades, based on
similarity. Statistical methods for deriving meta-clades are based
on identification of the optimal number of clades from SOM
codebook vectors. State-of-the art procedures for finding the
optimal number of meta-clades include the elbow, silhouette and
gap statistic methods [42].

Identification of ChEMBLSOM nodes with enhanced

chemosensitivity

Each SOM codebook vector is divided according to IC values
within (hit) and excluded (non-hit) from PKs in a kinome branch.
A Student’s ttest is used to identify IC s of relatively higher
chemosensitivity for hit versus non-hit PK IC, values. Student’s
p-values less than or equal to 0.05 were further assessed for statistical
significance by Bootstrap resampling comprised of 1000 Student’s
t-tests for each SOM node, with random shuffling of each SOM
codebook [43,44].

Associating fragments to chemosensitivity
ChEMBLSOM provides the framework for linking kinome branch-

specific chemosensitivity, as defined above, to compounds having
kinome branch-specific 6-mers. To complete this linkage, the
>22k ligand’s fragments are selected that have enriched branch-
specific 6-mers. The location of each of these compounds on

ChEMBLSOM will be referred to as its projection, which is based

4
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on the best matches of a compound’s input data vector (a vector of
IC,, measures for 461 PKs). The best projection would apply for
perfect input data. The extent to which the IC_ values are less than
perfect is difficult to determine, however additional measurements
(costly) may aid in estimating data variation. As an alternative,
noise can be randomly added to each element of a data vector. For
this analysis, noise is obtained from the population distribution
of standard deviations for all >22k IC, | vectors. Re-projecting data
vectors with 1% error from the population distribution extends the
best projected SOM node by an average of + one SOM nodes (e.g.,
2/1056=0.0019).

Flowchart

Figure 4 displays a flow chart summarizing the methods’
vignettes. To review, the left arm of the flow chart uses KLIFS
data as input for deriving fragments, enumeration for generating
-mers, assessment of statistically enriched branch-selective -mers,
clustering (fragSOM) and meta-clade assignments. The right arm
collects the ChREMBL IC_ data, identifies the fragments of their
ligands, clustering (ChEMBLSOM), meta-clade assignment and
identification of kinome branch-selective chemoselective nodes.
The two arms merge by associating the enriched branch-selective
fragments (6-mers) with branch-selective chemosensitivity using
Fisher’s exact testing for significance (Figure 4).-

ChEMBL 28
+ 22635 Cmpds
= log10(1C50) =5

Data Data

ICsoper cmpd >=5

Redic
+ 22635 Cmpds.
* 20411 fragments

+ 3382 Ligands
* 6437 fragments

Fragments Fragments

. RNested Loops
Enumeration |- allcases
* 4 through 8 fragments. Clustering

Enrichment
Chemosensitivity

6-mers to
Bioactivity,

Clustering

Figure 4: Flow chart summarizing the methods’ vignettes.

RESULTS

Fragment survey

The highest ligand counts are for kinome branches TK (n=1301)
and CMGC (n=1231) and mirror the high interest for finding
ligands that target many oncology PKs in these branches. An
average of 72% of the fragments is unique to each kinome branch
(range: 81% for TK to 41% for CK1). The relatively high fraction
of unique fragments supports their consideration, separately,
or in sets, for mining ligands that might target separate kinome
branches. Additional support for kinome branch-specific fragments
appears in Figure 5, where histograms display counts for the 10
most frequent fragments in the KLIFS dataset, separated according
to the seven kinome branches. These results reveal that fragments
are not distributed uniformly, with some fragments being present
or absent, depending on the kinome branch. Noteworthy in this
example is the appearance of fragment combinations 17, 314
and 487, 488, 59, 490 only in the CAMK and CKI1 branches,
respectively (Figure 5).

Summary of enriched -mers

The enrichment results for all -mers across the seven kinome
branches are mentioned. In summary, Fisher’s exact filtering
retains, on average, = 10% of the starting ligands for each kinome
branch, ranging from a high of 15.4% for 4-mers and a low of
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2.6% for 8-mers. Speculations regarding this high attrition include
the fact that many KLIFS ligands have diverse kinome targets,
thereby making statistical separations between kinome branches
less likely, based on fragment composition. The boxplots in the
upper left panel of Figure 6 are used to summarize enriched -mers
that correctly identify branch-specific PKs. The PKs for all enriched
-mers are collected and stratified according to kinome branch.
Each boxplot represents the fraction of correct branch assignments
(e.g., the number of correctly assigned PKs divided by the total
number of unique PKs for all -mers). These results find that the
fraction of correct assignments has the lowest average value (0.46)
when using 4-mers and the highest average value (0.84) when using
6-mers. Qualitatively, the use of 5-mers and above yields a fraction
of correct cases above 0.7. Superimposed on these boxplots is the
fraction of starting ligands retained for each -mer after Fisher’s exact
enrichment filtering. This diagonal line represents the attrition
discussed above. To review, 4-mers have the largest number of
ligands and the poorest success rate, while 6-mers yield the highest
success rate (84%) with the numbers of ligands intermediate to the
complete range (Figure 6).
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Figure 5: Histogram of most frequent fragment counts for all kinome
branches. The top ten most frequent fragments per kinome branch
are selected (yielding 22 unique fragments). Histogram bars display
the fragment counts across all kinome branches. The legend indicates
branch colors. Histogram bar for fragment 1 (benzene) has been scaled
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Also displayed in Figure 6 are five histograms (one for each -mer)
where each histogram bar is color-coded according to the fraction of
PKs associated with enriched branch-selective -mers. For example,
the leftmost red bar in the 7-mer histogram upper right panel in
Figure 6 represents the results for the AGC branch. Here enriched
7-mers for the AGC branch find only PKs within the AGC kinome.
The remaining histograms for 7-mers consist of mixtures of PKs
from other kinome branches (i.e., CAMK (2" bar) has most of
its PKs in the CAMK branch (yellow), with lower numbers of PKs
in the STE (blue) and TKL (magenta) branches. In general, the
majority fraction of each histogram bar is also associated with each
kinome branch (citing the rightmost TKL histogram for 7-mers,
where the largest contribution is from PKs in the TKL kinome
(magenta)). This persists for all -mers; with qualitative differences.
For example, 4-mers have the highest contributions in each bar
from PKs in many kinome branches, with no less than 5 branches
contributing to each bar in the histogram. In contrast, 6-mers have
the fewest number of histogram bars with contributions from other
kinome branches. For example, the 6-mer histogram bars for AGC,
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CAMK, CK1, STE and TKL are dominated by within kinome
branch cases, with CMGC and TK having small contributions
from PKs in other branches. Qualitatively these results indicate
that analyses focused on 6-mers offers the highest potential for
assigning PKs to their correct kinome branch.

A further check of PKs ligands identified from the 6-mer enrichment
results, finds many that are designated as important therapeutic
targets. The number of PKs associated with ligands containing
enriched 6-mers is displayed as histograms. Noteworthy are the 35
PKs for the tk kinome branch: with EphA2, ABL1, EGFR and ALK
as most frequently occurring PKs. Consequently, while attrition
due to filtering for statistically significant enrichment eliminates
most of the PKs in the KLIFS database, those that remain include
many important therapeutic targets.

ROC analysis

The ROC results for six of the seven kinome branches are
significant; with AGC flagged as degenerate due to the absence of
false positives in the enriched set. The ROC curves for each kinome
branch are displayed. The most significant result is for TKL with
a pvalue of 9.52e-23 and a fitted AUC of 0.903, while the least
significant case is for CK1, with a p-value of 0.0389 and a fitted
AUC of 0.621. While the utility of ROC measures of accuracy,
sensitivity and specificity remain under debate, the values listed are
reasonable, with, for example, accuracy values ranging from 34.7
(CMGC) to 73.9 (TK) [45]. Collectively, these results support the

existence of 6-mers specific for each kinome branch.
Data clustering of fragments

Figure 7 displays fragSOM for the 6-mer data. There are 8002
6-mers with significant Fisher’s exact enrichment scores. There are
304 unique fragments within this set of 6-mers. The input matrix
for SOM clustering consists of 8002 rose by 304 columns, where
the fragments within each 6-mer are assigned the value of one and
zero otherwise. Drawing from the analogy of clustering molecular
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fingerprints, prior SOM analysis has proved an effective clustering
tool [46]. The top left panel displays the 35 x 20 fragSOM based
on these fragments. The colorbar at the right of fragSOM identifies
strongly similar codebook vectors as dark copper, while regions
with distinct codebook vectors appear as light copper. The 700
codebook vectors, organized as a heatmap (R utility gplots: heatmap
2, Euclidean, Wards.D2), appear in the bottom image. Clustering
of fragments is evident as colored blocks travelling up from the
lower left of the heatmap, curving upwards towards the upper
right. Rather than analyze each fragSOM node (e.g., hundreds),
the codebook vectors are organized into meta-clades. Using the gap
statistic in the R programming language, 19 optimal meta-clades
are found for the 700 SOM codebook row vectors. Meta-clades
based on SOM codebook rows will be referred to using the capital
letter ‘C’ followed by the meta-clade number (i.e., C1 through
C19). The colorbar at the left of the heatmap identifies C1-C19
optimal meta-clades spectrally from blue to red. The boundaries for
these 19 meta-clades appear as red lines in the SOM image (upper
left) and are mapped onto the SOM (upper right), color-coded
from blue to red according to the colorbar at left of the heatmap.
Organizing SOM codebook vectors using meta-clades facilitates
the analysis of fragments within kinome branches. There are 32
optimal meta-clades based on the 304 SOM codebook column
vectors (designated FC1-FC32). Their dendrogram and meta-clade
colorbar appears at the top of the fragSOM heatmap. These results
find that meta-clades C1-C8, shown in the blue colors in fragSOM
at the upper left of Figure 7, are associated with relatively few
numbers of fragments (FC1-FC5). fragSOM meta-clades colored in
yellow-green-red on fragSOM are associated with column-derived
meta-clades (FC6 and above) that consist of diverse fragment types.
Upper right panel in Figure 7 transfers the 19 row-based meta-
clades to fragSOM, preserving the coloring in the bar to the left
of the heat map. These boundaries appear as red lines in fragSOM
displayed in the upper left panel (Figure 7).
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Figure 6: Upper left panel displays a composite boxplot summarizing the mean and standard deviation for the fraction of kinome PKs (y-axis) for
ligands are identified as having enriched -mers. The diagonal solid line (square symbols) indicates the relative fraction of starting ligands that survive
Fisher’s exact testing. The five additional barplots represent the distribution of ligand counts for 4-mers through 8-mers. For example, the 7-mer
barplot in the upper right corner finds that all enriched fragments are associated with the AGC branch, whereas enriched fragments associated

within the TK branch also include PKs in the TKL and CK1 branches. Note: (m): AGC; (" ): CAMK; (77): CK1; (

): CMGC; (). STE; (m): TK;
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Figure 7: Upperleft panel displays fragSOM generated from the matrix
of 6-mers (8002) by 304 unique fragments. fragSOM is colored in copper
where regions of light copper indicate diverse fragments, while dark
regions indicate cases of similar fragments. The fragSOM dimensions of
35 x 20 yield 700 codebook vectors, each with 304 fragments. fragSOM
represent clusters of 6-mers with similar fragments. Each fragSOM
node represents the average of the 304 fragments in each cluster. The
lower panel displays the heatmap of codebook vectors. Heatmap colors
define codebook vectors from high (yellow) to low (purple). fragSOM
nodes lacking a fragment appear as white. Dendrograms (Euclidean,
Wards.D2) appear to the left and above the heatmap. Clusgap analysis
(R:cluster::clusgap) of this heatmap finds 19 meta-clades (CI1-C19)
for the codebook rows and 32 meta-clades (FC1-FC32) for codebook
columns. The colored bars at the left and above the heat map identify
these meta-clades (spectrally color-coded from blue to red). Note: (H):
AGC; (7): CAMK; (®): CK1; (8): CMGC; (M): STE; (M): TK; (mm):
TKL.

The fragSOM clustering of enriched -mer data organizes this data
according to -mer composition. Each fragSOM node’s cluster
members include labels for the parent ligand containing each -mer
and its kinome branch. Meta-clades are proposed for grouping the
clustered data. Therefore, meta-clades utilize codebook vectors,
organized into an optimal number of meta-clades, to provide input
for analysis. fragSOM analysis for each -mer finds a consistent
number of optimal meta-clades (4-mer:23, 5-mer:25, 6-mer:19,
7-mer:19 and 8mer:22). The fractional contribution of kinome
branch members of all -mers is displayed as histograms. Inspection
reveals that each histogram has meta-clade bars composed of
progressively fewer numbers of mixed kinome branches with
increasing -mer count. Inspection also reveals that the results for
7-mers and 8-mers appear to have achieved clustering due to a bias
towards relatively greater numbers of members in the TK kinome
branch. In contrast, the 5-mer and 6-mer results yield comparable
numbers of optimal meta-clades, with 6-mers having the fewest
number of optimal meta-clades with mixed kinome branches.
These results support the use of 6-mers for further analysis.
For comparison to the fragSOM results, clustering of the 6-mer
data was also completed using Stochastic Neighbor Embedding
(R::Rtsne). To summarize, hierarchical clustering of Rtsne results
was unsuccessful at separating kinome branch members based on
fragment composition.
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Data clustering of CREMBL IC, data
The ChEMBL dataset, comprised of 22635 ChEMBL compounds

with IC, measures against 461 PKs, is used to generate
ChEMBLSOM. Figure 8 displays ChREMBLSOM (upper left panel),
the heatmap of codebook vectors (upper right panel) and the regions
associated with the optimal meta-clades (red boundaries and vertical
colorbar). SOM tools (based on the ratio of the first 2 principal
components of the data matrix) determined a map size of 44 rose
by 24 columns. Each of these 1056 SOM nodes identifies clusters
of ChEMBL compounds with similar IC, measures. In this regard,
the >22k records analyzed using SOMs results in a 22-fold data
reduction. ChEMBLSOM nodes are colored in copper (upper left
panel), indicating codebook vectors that are similar (dark copper)
and distinct (light copper). Observation finds that the distinctive
codebook vectors are mostly located around the perimeter. The
upper right panel displays a heatmap (R utility gplots::heatmap.2)
for codebook vectors, with the dendrograms at the left and top
representing row and column clustering of 1056 codebook vectors
and 461 response vectors, respectively. The colored bar adjacent
to the leftmost dendrogram identifies, spectrally (blue to red), the
22 optimal meta-clades for the codebook vectors (R::clus_gap,
Euclidean, Wards.D2, Hartigan-Wong). The red boundary lines
in the upper left panel identify the regions associated with these
optimal meta-clades. For comparison, associative clustering (R
utility apcluster) of these codebook vectors also finds the optimal
number of 22 meta-clades [47,48]. The 22 optimal meta-clades
are mapped to ChEMBLSOM displayed in the lower left corner,
organized spectrally from blue to red.

The lower right panel in Figure 8 displays a histogram for the
topmost 15% of significant ChREMBLSOM nodes for the 22 meta-
clades (C1-C22). Inspection finds meta-clades comprised of a
single kinome branch (C3, C15 and C17 for CAMK, TK and TKL,
respectively) and mixtures (C6 and C13 are comprised of TK and
TKL members, C14 is comprised of AGC and CMGC members).
At the level of ChREMBLSOM meta-clades, significant nodes based
on branch-selective chemosensitivity are comprised of a majority
fraction from only one kinome branch (Figure 8).

Identification of SOM ChEMBL nodes with enhanced

chemosensitivity

Figure 9 illustrates the kinome branches AGC and TKL.
ChEMBLSOM is depicted as a wireframe of (44 x 24) hexagons,
where colored hexagons designate, as the tstatistic, significant
ChEMBLSOM nodes. Each panel identifies the statistics for each
node. For example, node (1,13) for AGC has a statistical significance
of 4.583e-3 when 39 IC, values for PKs in the AGC branch are
tested against the 103 IC, values not in the AGC branch. The
sorted IC, values appear as adjacent histograms, where the within-
kinome-branch IC, s are depicted in black (Figure 9).

Associating fragments to chemosensitivity

The intersection of ChEMBLSOM projections with nodes having
branch-specific chemosensitivity is used to construct a contingency
table for Fisher’s exact testing. These results report the p-values
for these tests and their corresponding contingency matrix (true
positives, false positives, true negative and false negatives). An
example for TKL appears in Figure 10. The upper and lower
panels display the TKL results for perfect and noisy projections,
respectively. The panel at the left displays the ChREMBLSOM TKL-
chemosensitive nodes (n=86), while the middle panels display the
perfect (upper; 224 chembl 6-mers, 82 nodes) and noisy (lower; 241
chEMBL 6-mers, 323 nodes) projections for ChEMBL compounds
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containing TKL-specific 6-mers. The right-most panel identifies the
intersecting nodes used as the true positive value in the contingency
table (n=17 and 42, respectively). The Fisher’s exact p-values for
these cases are 1.398e-4 and 1.642e-4, respectively. Inspection of
the ChREMBLSOM projections for noisy data in Figure 10 may
appear to increase the likelihood of more true positives. However,
by design, the contingency table for Fishet’s exact testing accounts
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for true positives/negatives and false positive/negatives. As a result,
projections, when applying noise to the data, will influence all
members of the contingency table. Noteworthy is the comparable
Fisher’s exact p-values for perfect and noisy data. Noise-perturbed
data does, however, yield greater numbers of true-positive ChREMBL
compounds when compared to perfect data (Figure 10).
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Figure 8: Upper left panel displays CREMBLSOM for the 22635 x 461 input matrix. ChREMBLSOM is colored in copper where regions of light

ChEMBL compounds with similar IC values. The upper right panel displays the heatmap for codebook vectors (each vector has 461 members).
Heatmap colorbar represents low to high IC, | values spectrally from purple to orange. R::Clusgap analysis of codebook vectors finds 22 optimal
meta-clades (Euclidean, Wards.D2, Hartigan-Wong), designated as C1-C22. The color bar at the left of the heatmap identifies these 22 meta-clades
spectrally from red to blue. The image in the bottom left maps the optimal meta-clades. The lower right panel displays a histogram for the topmost
15% of significant ChEMBLSOM nodes for the 22 meta-clades. These results support the clustering of codebook vectors into different meta-clades.
Note: (H): AGC; ): CAMK; (): CKl1; (). CMGC; (.) STE; (-) TK; (mm): TKL
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Figure 9: Summary of results for ChREMBLSOM for kinome branches AGC (left panel) and TKL (right panel). ChEMBLSOM appears as a wireframe
of hexagons, where only the significant Student’s t-tests are colored as their tstatistic. Adjacent to each CREMBLSOM are histograms of IC,  activity for
nodes (1,23) and (20,13) for AGC and nodes (9,2) and (30,11) for TKL. Colorbars correspond to the Student’s t-static values, (red: high and blue: low).
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Figure 10: Summary of results for ChREMBLSOM projections for kinome branch TKL. ChEMBLSOM appears with the 22 optimal meta-clade
boundaries shown as solid lines. Left:most panel shows ChREMBLSOM nodes that have significant Student’s t-test values for TKL (n=86). The middle
panels in both rows display the projection nodes for ChREMBL compounds containing the 6-mer probes associated with each kinome branch, based on
perfect data(n=82) and noisy data (n=323). The right-most panels identify the intersection ChREMBLSOM nodes from the left and middle panels (n=17
and 42, respectively). On average 58% (13143/22635) of the ChEMBL compounds are associated with chemosensitive ChREMBLSOM nodes. Within
these compounds, 8% (984/22635) have branch-selective 6-mers. These compounds project to 230 and 683 ChEMBLSOM nodes based on perfect

Pfishers = 1.398e-4

intersection = 17 nodes
41 ChEMBL cmpds

Pfishers = 1.642e-4

intersection = 42 nodes
119 ChEMBL cmpds

Cluster-based association of fragment composition to
kinome branch

The following analysis is used to associate sets of fragments (i.e.,
-mers) to a kinome branch. The enriched 6-mers used for fragSOM
clustering represents all unique sets of 6-mers that pass the Fisher’s
exact enrichment test. Ligands with more than six fragments
included all combinations fragments in the enumerated 6-mers.
Such cases will have five core fragments, plus all combinations
of fragments above five that exist for a ligand, that also pass the
Fisher’s exact test. Consequently, if a ligand has ten fragments,
enumeration yields five records composed of the core five
fragments, repeated for each of the five additional fragments from
its set of ten. The 32 fragment meta-clades (R::clusgap), labelled as
FC1-FC32, and their fragment membership (as fragment indices)
are listed in the top panel of Figure 11. The colorbar at the right
of this panel is replicated (inverted) from above the heatmap in
Figure 7. The lower panel in Figure 11 displays the dendrogram for
the 6-mer fragments (replicated from Figure 7). Noteworthy is the
existence of 15 meta-clades with only one fragment. In contrast,
meta-clade FC32 consists of 163 fragments. The distribution of
fragment memberships in meta-clades FC1-FC32 will be analyzed
later based on the 19 ChREMBLSOM meta-clades (Figure 11).

The top panel in Figure 12 displays the 6-mer histogram for the
19 fragSOM meta-clades (labelled C1-C19) identified (R::clusgap)
for fragSOM. The histogram bars are color-coded according
to kinome branch PKs membership (discussed in Methods:
summary of enriched -mers). These results find thirteen fragSOM
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meta-clades with memberships associated with only one kinome
branch (TK:C1,C2,C3 AGC:C4 TKL:C6,C9,C16 CKI1:C7
CMGC:C8,C13 CAMK:C11,C17 STE:C15). In contrast, fragSOM
meta-clade C19 consists of a mixture of six kinome branches. Based
on these results, fragment compositions exist for PKs within a
single kinome branch and shared between kinome branches. The
middle panel in Figure 12 lists the meta-clades C1-C19 (column
1) the fragments associated with these fragSOM meta-clades
(column 2), the number of 6-mers (column 3) and the kinome
branch (column 4). Fragments associated with meta-clades are
compiled from the sets of enriched branch-selective 6-mers. The
most frequently occurring fragments, ordered from the highest
frequency, are 226,1,13,44,38,88 and 459 and are highlighted
in yellow. Inspection would indicate that the most frequently
occurring fragments do not appear to constitute fingerprints for
specific kinome branches. However, sets of fragments (e.g., 6-mers)
may represent a more powerful screening tool when compared to
fragment frequency.

The lower panel in Figure 12 displays a distribution histogram for
the 32 fragSOM meta-clades (FC1-FC32) across the 19 fragSOM
meta-clades (C1-C19). The colors for FC meta-clades are consistent
with the colorbar in Figures 7 and 11. Inspection of this histogram
finds a non-uniform distribution of FC meta-clades across the
fragSOM meta-clades. For example, FC1-FC8 (depicted as shades
of blue) dominate the TK:specific fragSOM meta-clades C1-C3.
The middle clusters (C4-C9) include contributions from fragments
in FC11-FC19 (shades of yellow-orange). The right-most clusters
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have contributions from FC20 and above (shades of red). Note
that FC32, consisting of 163 enriched fragments, is excluded from
this histogram. These results are consistent with the heatmap in
Figure 7 and the dendrogram to the left (displaying fragSOM meta-
clades C1-C19; also shown in Figure 11) and fragSOM fragment
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meta-clades FC1-FC32 displayed above the heatmap in Figure 7.
Notably, contributions from less frequently appearing fragments
are important for ligands that target non‘TK kinome branches.
These results indicate the importance of less frequently appearing
fragments within sets of enriched 6-mers (Figure 12 and Table 1).
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Figure 11: Top table lists the fragments for each of the 32 meta-clades (labelled FC1-FC32). Color bar at the right corresponds to the 32 meta-
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32 optimal meta-clades. Two-hundred and forty-seven of the 304 (82%) KLIFS 6-mers exist in the ChREMBL fragments. There are 3119 mutual
fragments between the KLIFS (3119/6347=0.491) and CHEMBL (3119/23411=0.133).
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AGG; (1): CAMK; (mm): CK1; (mm): CMGC; (l): STE; (l): TK; (mm): TKL

Table 1: Table lists the fragment composition for each fragSOM meta-clade.

fragSOM meta-clade Fragment indicies 6-mers branch
Cl 1,13,44,88,226,257,459,2387,2441,2442,2443,2697,2698,2699 943 TK
C2 1,13,44,88,226,257,459,2387,2441,2442,2443,2697,2698,2699 857 TK
C3 1,13,17,38,44,88,226,257,374,375,459,1907,2387,2441,2442,2443,2697,2698,2699,4472 1208 TK
C4 1,38,71,72,73,75,76,71,78,79,81,82 925 AGC
C5 1,125,226,257,293,522,523,524,525,526 210 CAMK
C5 1,26,125,226,229,293,509,522,524,525,527,528,529,530 217 STE
C6 38,182,216,293,2987,3671,3674,3676,3677,3618 86 TKL
C7 182,226,293,412,1268,1269,1270,1271,1272,1273 211 CK1
C8 1,9,13,44,93,226,1662,1988,1993,1995,1998 448 CMGC
C9 1,13,93,498,499,517,518,519,520,3315,3316,3317,3318 212 TKL
C10 1,38,498,499,500,501,502,503,504 84 TKL
C10 1,38,498,499,500,501,502,503,504 84 CAMK
Cl1 1,13,38,78,754,755,756,757,758,759 211 CAMK
Cl12 1,13,221,226,232,1573,2768,2769,2770,2171 210 TK
C12 1,221,226,1267,1871,3403,3417,3462,3463 84 TKL
C13 1,226,521,725,2083,2128,2129,2133,2134,2135 211 CMGC
Cl4 1,44,57,59,1310,1311,2001,2002,2003,2004 210 CMGC
Cl4 1,59,226,217,1274,1275,1276,1271,1278,1279 210 CK1
Cl15 1,44,893,1699,2652,3213,3214,3215,3216,3217 211 STE
Cl6 1,3,44,182,221,299,314,417,423,424,490,498,675,738,877,896,934,941,1118,1285,1379,14 218 TKL

52,1453,1454,1482,1592,2558,2562,2564,3137,3144,3869,3870
C17 1,13,44,93,760,761,762,763,764,765 211 CAMK
CI18 1,13,88,459,539,3116,3511,3512,3513 84 TKL
CI18 1,9,13,88,226,459,507,3116,3118 80 STE
C19 1,2,3,4,13,38,44,93,125,139,216,293,299,326,468,561,636,637,725,964,965,966,967,1261 304 STE
,1568,1699,2652,3135,3137,3138,3145,3224,3226,3241,3243,3248,3249,3250

Cl19 1,2,13,38,44,94,125,133,216,221,226,412,513,561,697,759,800,848,1345,15 198 X

73,1574,2520,3959,3960,3961,3962,4089,4493,4494,4663,4664,5004,5008,5009
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1,2,13,44,93,125,226,396,412,521,787,829,890,982,1029,
C19 3321,3322,3365,3367,3568,3569,3570,3591,3592,3593 31 TKL
1,13,44,93,125,128,138,226,259,293,498,517,703,1040,1044,1114,1193,1194,1195,1196,
C19 1504, 1662,1818,1829,1834,1988,1993,1995,1998,2025,2027 19 CMGC
C19 1,2,9,13,26,38,44,93,139,261,299,459,508,517,561,636,637,660,661,662,663,793,794,85 13 CAMK
6,857,858,859,877,934,960,961,962,963,1170,1171
C19 1,9,17,26,38,121,129,154,155,156,208,209,226,252,253,254,297,299,300,301,308,309,35 1 AGC

6,357,358

Note: CAMK: Calmodulin/calcium regulated Kinases; CK: Casein Kinase; TK: Tyrosine Kinase; TKL: Tyrosine Kinase-Like

The following result illustrates of the importance of sets of
fragments (i.e., 6-mers) towards identification of ligands that target
a specific kinome branch. Thirteen ChEMBL compounds with
chemoselective IC, activity against PKs in the AGC branch are
displayed. These PKs ligands contain only three 6-mers: 121, 226,
297, 299, 300, 301 or 38, 121, 226, 297, 308, 309 or 88, 121, 226,
297, 308, 309. While each set of 6-mers contain at least one of
the most frequently occurring fragments, the composition of less
frequent fragments also plays an important role in targeting to a
specific kinome branch.

SOM analysis of chemosensitivity

This result identifies CREMBLSOM nodes with codebook vectors
that have significantly greater IC,  measures for ligands that target
PKs in each kinome branch. Recall that each ChREMBLSOM node
represents the average IC_ response of the 461 kinome targets.
A Student’s ttest is used to conduct comparisons between 1C_|
measures that are included and excluded from each of the 7 kinome
branches. Table 2 lists the results for Fisher’s exact testing for the co-
occurrence of ChEMBL compounds with branch-selective 6-mers
and branch-selective chemosensitivity (cf. Figure 9 for examples of
branch-selective chemosensitivity). P-values range from the best, of
2.08e-5, for CMGC to the worst, of 3.67e-2, for CAMK (using noisy
data). These results find a low of only 3 true-positive CREMBLSOM
nodes with projections of 4 ChEMBL compounds for CK1, to a
high of 82 chembISOM nodes with 133 ChEMBL compounds for
TK. The former result, as well as the results for kinome branch
STE, has the lowest representation in the starting KLIFS dataset
and the fewest ChREMBL IC, data against their PKs. Despite this
modest representation, significant Fisher’s exact p-values are found
for these as well as the remaining kinome branches. The results for
perfect data yield generally similar results, albeit statistically weaker,
noting the lower values for true-positive ChEMBLSOM nodes and
true-positive: ChEMBL compounds withing these nodes. Within
the 984 ChEMBL compounds having enriched 6-mers, 434 (44%)
share enhanced chemosensitivity (17% with perfect data). This
result represents a strong hit rate for associating structure (e.g., 2D
fragment composition) with chemosensitivity (i.e., IC, ). Retrieving
the ChEMBL IC, values for these hits followed by identifying the
median rank of IC_ values within chEMBLSOM projections finds
an average median rank of 29%, with the lowest average median
rank of 22% for TKL. Collectively, these results indicate that
rankings based only on branch-selective chemosensitivity of IC,;
appear in the upper 3" of all values (Table 2).

Thirty-two (32) of the true positive ChEMBL compounds (7%
32/434) share exact 2D matches with KLIFS ligands. The
intersection of these ChEMBL compounds with KLIFS data
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finds 93 PKs (71 for perfect data). The KLIFS records for the 32
matching ChEMBL ligands are Isited. Evident from this table is
the appearance of KLIFS ligands bound to numerous PKs; with
13 having two or more binding partners (STI:13, IN1:13, DB8:11,
VGH:9, TAK:5, P06:4, FB8:4, GUI:3, 6QB:3, 6GY:3, T3C:2,
3FE:2 and QUN:2). These 32 matching ligands are associated with
42 PDB PKs, with 18 of them appearing more than once (AKL:11,
ABLI1:8, CKD2:6, SRC:5, LCK:4, Erk2:4, BRAF:4, MST2:3,
EGFR:3, DDR1:3, CHK2:3, TAK1:2, p38a:2, LOK:2, Erbb3:2,
EphA2:2, CDC2:2, BTK:2 and ALK2:2). Instances of multiple
targets paired with multiple ligands find nearly all to involve PKs in
the same kinome branch. For example, 12 of the 13 PKs for STI, 10
of the 13 PKs for IN1 and 9 of the 11 PKs for DB8 are in the TK
branch. In general, ligands targeting multiple PKs in the non-TK
branches all involve within-branch partners.

Recall that KLIFS data provides PKs and ligand pairs, while the
ChEMBL IC_ data measures IC_, for 461 PKs for >22k ChREMBL
compounds. Merging independently constructed branch-specific
6-mers and independently constructed ChEMBL compounds with
branch-specific chemosensitivity finds 32 2D-matching ligands that
are known to co-crystallize with 42 important oncologic PKs. Co-
occurrence of exact 2D KLIFS matches, that also pass the Fisher’s
exact enrichment test, appears to be rare, statistically significant
and yield exact matches to known ligands. It is difficult to assess the
strength of these results for applications to other public databases.
However, their existence offers support for this design to yield true
hits. Of equal importance are the cases without exact matching
PKs. Here there are 402 (434-32) non-structurally matching PKs
ligands as candidates for further studies of kinome branch-targeting
compounds.

ChEMBL compounds with and branch-
chemosensitity can also be evaluated for IC,  potency within the
original dataset of >22k IC, values. Figure 13 displays a histogram
of average IC_ values for the true positive ChEMBL compounds
for each kinome branch. Seven histogram bars are displayed for

enriched 6-mers

each kinome branch, where bar height in each group represents
the kinome group average IC_ for the true positive ChEMBL
compounds, with each bar colorcoded according to kinome
branch. The asterisks identify the IC, values within each kinome
branch. Inspection finds that AGC, CMGC, STE, TK and TKL
have their highest average IC. values within their respective
kinome branch. The exception is for CAMK which is ranked as the
3" highest average IC, . These results complete the loop, starting
from data, to analysis and back to starting data, yielding results that

support the overall design (Figure 13).
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Table 2: Fisher’s exact results for co-occurrence of SOMChEMBL nodes with ligands having branch-chemoselective fragments and SOMChEMBL
nodes with branch-chemoselectivity. Colum 1: branch, Column 2: #Chembl compounds with branch-specific 6-mers, Column 3: # true positive SOM
nodes (perfect data), Column 4: # true positive ChEMB compounds (perfect data) in true positive SOM nodes, Column 5: p-value for Fisher’s exact
testing (perfect data). Columns 6-8 list the values corresponding to Columns 3-5 when using noise-contaminated data. Columns 4 and 7 also list the
contingency matrix values (tp,fp,fn,tn) for Fisher’s exact testing. Yellow highlighting indicates TP counts. Green highlighting indicates the count of
ChEMBL compounds in true positive chembISOM nodes.

#ChEMBL with #tp ChEMBL #tp ChEMBL
Fragments 6mers #tp SOM nodes empds (perfect) p-value #tp SOM nodes empds(noisy) p-value
AGC 45 5 13 2.01E03 12 22 3.41E-04
5,17,42,992 o 12,79,35,930 i
CAMK 86 4 > 9.07E-02 12 >4 3.67E02
4,32,47,973 i 12,133,39,872 i
1
CK1 40 1 11091036 9.98E-02 3 4 C19
3,47,7,999 9.51E-03 C19 C19 C19 C19 C19 C19
CMGC 263 23 > 5.24E-06 54 o 2.08E-05
23,73,75,885 i 54,319,44,639 R
3 5
STE 79 3 33271014 3.40E03 5 5,144,5,902 7.31E-03
49 133
TK 247 28 28,84.132,812 2.71E-03 82 §2,304.78.502 2.66E-05
TKL 224 17 4 1.40E-04 i 19 1.64E-04
17,65,69,905 B 42,281,44,689 i
984
Total T oes . 171/984=0.173 . 434/984=0.441 ;

Note: CAMK: Calmodulin/calcium regulated Kinases; CK: Casein Kinase; TK: Tyrosine Kinase; TKL: Tyrosine Kinase-Like; SOM: Self Organizing Maps
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Figure 13: Histograms of the average IC responses for the true positive ChEMBL compounds. The IC, values for true positive ChREMBL hits are
grouped by kinome branch and used to generate an average IC_; response. The seven sets of histogram bars represent the kinome branch averaged
IC,, for each set of true positive ChREMBL hits. As an example, there are 22 true positive ChEMBL hits for AGC. The average IC, responses of
these 22 ChEMBL compounds for each kinome branch are, ordered from high to low, AGC (red), CAMK (yellow), TK (purple), CK1 (green), STE
(blue) and CMGC (teal). Absence of a histogram bar indicates no 1C, values. Note: (M): AGC; (): CAMK; (F): CK1; (5): CMGG; (M) STE;
(): TK; (mm): TKL

DISCUSSION work has been to dissect PKs ligands (KLIFS) into fragments
(RCDK) and, where possible, assign sets of fragments (-mers) to
branch selective PKs (Fisher’s exact testing). This step is followed by
screening and statistical testing of bioactivity databases (ChEMBL)
for ligands with branch-selective fragments that also exhibit branch-
selective chemoselectivity (IC, ). The details of this analysis include

fragment generation, fragment surveys, fragment enumeration, and

FBDD has already achieved noteworthy success. Obstacles and
challenges remain when researching goals aimed at enhancing the
potential of FBDD. Auxiliary tools, such as proposed here, aimed
at discovering ligands that selectively target PKs, offer additional
ways to explore applications of FDBB. The primary goal of this
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fragment enrichment testing for kinome branch selectivity. SOMs
were used, separately, to cluster enriched fragment and branch-
selective bioactivity data and provide meta-clades for assisting
in cataloging the results. Each step in this process was aided by
statistical measures for observed results. In summary, the auxiliary
tools provided here extend confidence in applications of FDBB for
discovering ligands that selectively target PKs in kinome branches.

An application of these results can be used to screen additional
databases. For example, enriched 6-mers can be used to mine the
Abbott legacy screening dataset published in 2011 [49]. Abbott
screened 1497 compounds against 172 protein targets. Filtering
(average (IC, )>5.5) and selecting protein targets with a coefficient
of IC,; variation above 0.1, reduced this data to 1056 Abbott
compounds tested against 156 protein targets. Thirty-three of these
filtered Abbott compounds have enriched KLIFS 6-mers, yielding
an apparent hit rate of only 3%. However, applying more stringent
filtering (average (IC,)>6.6) with a target IC, standard deviation
above 0.7, finds only 37 compounds. Thirty-three compounds are
shared in the KLIFS and Abbott structures. Intersection of these
sets finds 10 compounds in common; to yield a hit rate of nearly
30%. Parsing the activity values within this intersection finds 28
protein targets comprised of twenty-three proteins in the TK branch
(ABL1, ACK1, ALK, AXL, BLK, CSFIR, EGFR, ERBB2, ERBBA4,
FGFR1, FLT1, FLT3, FRK, IGFIR, JAK2, KDR, LCK, LRRK2,
LTK, LYN, PDGFRB, RET and SRC), two in the CAMK branch
(PRKCN and PRKAA1), one in the STE branch (MAP4K5), one in
the CMGC branch (CLK4) and one in the TKL branch (ACVR1).

An apparent anomaly, notably for cases where the same ligand co-
crystallizes with PKs across different kinome branches is displayed.
Examples include; ligand 1N1 which co-crystallizes with nine PKs
in the TK branch, two in the STE branch and one in the CMGC
branch, ligand 3FE (one each in the CAMK and STE branches),
ligand DB8 (seven in the TK branch, two in the STE branch and
one in the CAMK branch), ligand GUI (two in the TK branch and
one in the CAMK branch), ligand STI (twelve in the TK branch
and one in the CMGC branch) and ligand TAK (three in the TKL
branch and one in the CAMK branch). While these results make
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assignments of branch selectivity difficult, based only on KLIFS
structural data, the enriched 6-mers offer a resolution. Recall
that the enriched 6-mers are specific for each kinome branch and
a requirement for screening of ligands associated with a specific
kinome branch is the presence of at least one enriched 6-mer. For
all the ligands cited above, the anomalous entries do not possess
branch-specific enriched 6-mers. In other words, co-crystallizations
outside the majority kinome branch for each case can be excluded
based on their lack of statistical support for enriched branch-
selective 6-mers [50].

Cases exist where enriched branch-selective 6-mers are shared across
kinome branches. The 6-mer containing fragment N-(4-piperazin-
l-ylphenyl)pyrimidin-2-amine (fragment 1513) is enriched in both
the TKL and CMGC branches. There are six TKL and six CMGC
KLIFS complexes with ligands having fragment 1513. Figure 14
displays the 2D image for these ligands, where fragment 1513 is
highlighted in green. Examination of these ligands finds that diverse
structures have been appended to the base fragment 1513. Ligand
binding site to target Amino Acid (AA) projections of fragment
1513 for these 12 structures are displayed [51-55]. Fragment
1513 is composed of fragment 13 (piperazine) and fragment 257
(N-phenylpyrimidin-2-amine). PKs AAs nearest (5 A) to fragment
257 consist mainly of hydrophobic residues, interspersed with
non-hydrophobic residues, while fragment 13 is mainly solvent
exposed. Taking TKL:ALK2:5JUX as an example; KLIFS analysis
finds hydrophobic interactions for VAL214, VAL222, ALA233,
LEU263, THR283, HID284, TYR285, HID286, GLU287,
MET?288, GLY289, LEU343 and ALA353, with key interactions in
the hinge region provided by TYR285(aromatic) and HID286(H-
bond donor). Variations of this general theme are repeated in the
other eleven structures in this set, all exhibiting key hydrophobic
interactions with fragment 1513, inclusive of aromatic and H-bond
donor and acceptor interactions in the hinge region. Evident from
this example is the limitation that enriched 6-mers. While capable
of excluding most of the kinome branches, in this example, it
does not distinguish between ligands targeting either the TKL or
CMGC branch (Figure 14).
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An alternative analysis, focused on the base fragment 1513,
indicates that this fragment, alone, has the capacity to position
itself adjacent to key AAs in the binding site. In support of this
claim, Figure 15 displays the superposition of fragment 1513 for all
PKs in this set. The average Root Mean Square Deviation (RMSD)
for this superposition is 0.523 + 0.06 A. The average RMSD for
superposition for the TKL and CMGC ligands is 1.273 + 0.250
A. The lower panels display the superpositions for the each set
of ligands (left: TKL, right: CMGC). Superpositions RMSD for
the TKL and CMGC ligands are 1.18 + 0.49 and 1.42 + 0.29,
respectively. These results find the RMSD for overlapping atoms
associated with fragment 1513 to be 2-fold better when compared
the complete ligand (Figure 15).

ligands:tkl ligands:cmgc

Figure 15: Top panel displays the ball and stick superposition of
fragment 1513 for the twelve structures displayed. Fragments targeting
the TK and CMGC kinomes have their carbons colored green and black,
respectively. Bottom two panels depict the respective superpositions
for the complete ligands targeting the TKL kinome (left) and CMGC
kinome (right).

Eight FDA approved ligands within the KLIFS database are
listed. These are Brigatinib:6GY (FDA approved for ALK-positive
metastatic NSCLC), Bosutinib:DB8 (potent TK inhibitor used
to treat chronic myeloid leukemia), Dabrafenib:P06 (FDA
approved for targeting V6OOE BRAF), NVP-tae-684:GUI (FDA
approved ALK inhibitor), Imatinib:STI (FDA approved to treat
Chronic Myelogenous Leukemia (CML), Gastrointestinal Stromal
Tumors (GISTs), Dermatofibrosarcoma Protuberans (DFSP),
Myelodysplastic/Myeloproliferative Diseases (MDS/MPD), and
aggressive systemic mastocytosis, Dorsomorphin:TAK (inhibitor
of Bone Morphogenetic Protein (BMP)) signalling, causing cancer
initiating cells to lose some stem-cell-like features), Crizotinib:VGH
(FDA approved for the treatment of patients with metastatic Non-
Small Cell Lung Cancer (NSCLC) whose tumors are anaplastic
lymphoma. FDA approved for treating relapsed or refractory,
systemic Anaplastic Large Cell Lymphoma (ALCL) that is ALK-
positive), AZD5438:FB8 (Inhibitor of CDK1, 2, and 9, enhances
the radiosensitivity of Non-Small Cell Lung Carcinoma (NSCLC)
cells (Raghavan P, PMC3623267) and Dabrafenib:P06, a selective
inhibitor of mutated forms of BRAF kinase.

Table 3 lists the ChEMBL ID, ligand name, 2D structure
(highlighted according to its enriched fragments) and their [UPAC
names for these eight approved compounds. These FDA hits
provide an opportunity to apply 2D fragments for substructure
searching. For example, Chembl601719 (VGH:crizotinib) has
9 fragments within its set of enriched 6-mers. The parent VGH

Drug Des, Vol.12 Iss. 2 No:1000244
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structure represents the linkage of 6-mer fragment 216 (4-pyrazol-
l-ylpiperidine) and fragment 2520 (3-(phenylmethoxy)pyridine).
These linked fragments appear as fragment 3962 within VGH’s set
of 9 fragments. The residues within 5 A of both fragments 216 and
2520 include hydrophobic interactions with LEU1122, VAL1130,
ALA1148, LEUI1198, MET1199, ALA1200, GLY1202, and
ASP1203. Hydrophobic interactions exclusive to fragment 2520
include LYS1150, LEU1196, ARG1253, ASN1254, GLY1269 and
ASP1270. Key hinge region H-bond interactions with MET1199
are provided by both fragments, whereas fragment 2520 alone has
an H-bond interaction with GLU1197. Fragments 216 and 2520
are positioned in these images as exact atom matches to VGH.
A fragment-selective search of the KLIFS ligands with enriched
6-mers using fragments 216 and 2520 finds only the set of PKs for
VGH are listed. This result is an indication that fragment-selective
searches of other databases, using only fragments 216 and 2520,
may yield candidate ligands structurally like VGH (Table 3).

Visual comparisons of complete ligands and component fragments
are displayed below. For example, Figure 16 displays in the left panel
the nearest AAs from the PDB target 2xp2, based in the complete
ligand VGH (Crizotinib). The right panel displays the nearest AAs
to the component fragments (26 and 2520). Here, except for the
H-bonding interaction with GLU1197, the AAs surrounding the
ligand and fragments are essentially the same (Figure 16).

A similar analysis of Chembl941(STI: Imatinib) finds 13 KLIFS
structures, 5 for ALB1, 1 for ABL2 , DDR1, EMS, KIT, LCK,
PDGFRa and SYK in the TK branch and one case for p38a in the
CMGC branch. The latter case can be excluded based on lacking
enriched 6-mers in the CMGC branch. STI has 14 fragments
within its list of enriched 6-mers. There are various combinations
of fragments that can be selected as representatives of STI. The
following example links fragment 13 (piperazine), fragment
459 (N-(phenylmethyl) aniline) and fragment 2387 (4-pyridin-3-
ylpyrimidine). These linked fragments appear as 2699 within STI’s
set of 14 fragments [56].

The residues within 5 A of STI in PDB:2hyy:A:STI include
hydrophobic interactions with LEU248, TYR253, VAL256,
ALA269, VAL270, LYS271, GLU286, VAL289, MET290, VAL299,
ILE313, THR315, PHE317, MET318, GLY321, PHE359, ILE360,
HID361, ARG362, LEU370, ALA380, ASP381 and PHE382.
Hinge region interactions include MET318 (H-bond) and PHE317
(aromatic). Interactions shared between fragments 459 and 2387
include VAL256, ALA269, LYS271, VAL299, THR315, LEU370,
ALA380 and PHE382. Interactions shared between fragments
2387 and 13 include GLU286, VAL289, ILE293, LEU354 and
HID361. Hinge region interactions are provided by fragment 2387
(PHE317: aromatic and MET318: H-bond). Fragments 13, 459 and
2387 are positioned in these images as exact atom matches to STI.
A fragmentselective search for KLIFS ligands possessing frags 13,
459 and 2387 identifies the PKs are listed for STL. In addition
this fragmentselective search also yields the ligand MPZ which co-
crystallizes with the PKs SRC in the TK branch (TK: SRC: 1y57: A:
MPZ). Although the ligand MPZ does not have an exact match in
the ChEMBL dataset, fragment-selective mining would indicate a
potential role in PKs inhibition comparable to STI.

The ligand DB8 Bosutinib targets 10 members of the TK branch
and one member of the STE branch. DB8 consists of three
overlapping fragments; 517 (quinoline), 518(7-(3-piperazin-1-
ylpropoxy) quinoline) and  520(N-phenylquinolin-4-amine),
jointly represented as fragment 519. The residues in PKs 3ue4,
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within 5 A of the DBS8 fragment, finds hydrophobic interactions
with LEU248, VAL256, ALA269, VAL270, LYS271, MET290,
VAL299, ILE313, ILE314, THR315, PHE317, MET318, THR319,
TYR320, GLY321, LEU370, ALA380 and PHE382. Fragment 519
is positioned in these images as exact atom matches to DBS. A
database search of these three substructures identifies the PKs are
listed for DBS, with the inclusion of the ligand XZN, which targets
LOK in the STE branch STE:LOK:4bc6:A:XZN. These fragments
appear as enriched 6-mers in the TK and STE branches. This
result is an indication that DB8 and XZN share fragments, with
structures sharing these fragments having activity in the TK and

STE branches.

The P06 ligand is Dabrafenib (ChEMBL2028663). There
are 9 fragments associated with P06, with fragment 3403
(N-phenylsulfanylaniline) and fragment 1267 (5-pyrimidin-4-yl-
1,3-thiazole) representing most of the ligand. Using the PKs of
4xv2, there are hydrophobic interactions with 1LE463, GLY464,
SER465, GLY466, VAL471, ALA481, LYS483, LEU505, LEU514,
LEUS515, PHES16, ILE527, THR529, GLN530, TRP531, HID532,
PHES583, GLY593, ASP594 and PHE595. Here the hinge region
interactions are CYS532 (H-bond) and TRP531 (aromatic). Within
this set, fragment-selective searching with 3403 and 1267 identifies
the four ligands associated with P06, with the inclusion of
TKL:RIPK2:5ar8:A:XYW. Ligand XYW does not appear because
it does not have an exact ChEMBL match. However, its shared
substructure with PO6 would also suggest the PKs of RIPK2 in the
TKL branch for ligands with these fragments.

The KLIFS ligand FB8 is the FDA approved drug AZD5438
(ChEMBL488436). The structure of FB8 is comprised of
four overlapping fragments: 1377  (4{(1H-imidazol-5-yl)-N-
phenylpyrimidin-2-amine), 1279 (4-(1H-imidazol-5-yl)pyrimidine),
and 57 ((1H-imidazole).
Fragmentselective searching yields the ligands reported and the

additional ligands IM9, FRT, 119 and 4WE for targeting CDK2

257  (N-phenylpyrimidin-2-amine)
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in the CMGC branch. None of these ligands have exact ChEMBL

matches.

The KLIFS ligand IN1 (ChEMBLI1421) is not an FDA approved
drug, however there are ten KLIFS PKs for IN1 are listed. The key
fragments in the IN1 structure are 1573 (N-(1,3-thiazol-5-ylmethyl)
aniline) and 232 (4-piperazin-1-ylpyrimidine). Fragmentselective
searching yields the ligands reported with the addition of the
ligand 4B7, which also is co-crystallized with ABL1 in PKs 4yc8.
This result suggests a novel candidate ligand for targeting ABLI.

Ligand F3Z (ChEMBL 3590107) co-crystallizes  with
CMGC:Erk2:6gdm:A:F3Z. F3Z is composed of 3 [UPAC fragments
2139 (3-pyridin-4-yl-1H-indazole), 1662 (2-phenylpyrimidine) and
1998 (1-(2-pyrrolidin-1-ylethyl)piperazine). These 3 fragments,
in combination with 12 other fragments (1,9,13,44,93,121,22
6,1662,1988,1993,1995,1998,2136,2139,2141),
of different portions of these three IUPAC named fragments,

each comprised
appear in the enriched 6-mers only for the CMGC kinome
branch. Fragmentselective searching, using 1662, 1998 and 2139,
finds that CMGC selectivity also exists for KLIFS ligands FOE
(CMGC:Erk2:6gjd:A:FOE ) and NOV (CMGC:Erk2:60pi:A:NOV),
neither of which have exact structural matches to the >22k
ChEMBL ligands. F3Z and FOE are the only KLIFS ligands
that share fragments 2139, 1662 and 1998, whereas NOV shares
fragments 2139 and 1662. These three ligands selectively target
Erk2 in the CMGC kinome branch [57].

Table 4 summarizes the surface area results for the complete ligand
and the component fragments of the examples reported above.
This table lists the target PKs (column 1), the designation of
ligand or fragment (column 2), unbound surface area (column 3)
and bound surface area (column 4), the difference of bound and
unbound surface area (column 5) and the fraction of surface lost
in the bound state (column 6). These results indicate that greater
than 80% of the complete ligand’s bound surface area is due to its
component fragments (Table 4).

Table 3: Listing of the FDA approved ligands that pass the Fisher’s exact testing for co-occurrence of branch-selective 6-mers and branch-selective
chemosensitivity. ChREMBL ID (column 1), PDB ligand name (column 2), 2D rendering of ligand colored according to its component fragments (column

3), fragment index and IUPAC name (columns 4 and higher). Note that in GUI: TAE684 fragment 257 (N-phenylpyrimidin-2-amine) is hidden by 374

(2N,4-N-diphenylpyrimidine-2,4-diamine).
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Figure 16: 2D projections of the binding site pocket for PKs 2xp2. AAs within 5 A of fragments 216 and 2520 are displayed as residue name and
position in the target’s sequence. Colors specify the type of AA (green:hydrophobic, blue:basic, red:acidic). The ribbon around the ligand and
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Table 4: Surface area summary for the PKs discussed above. Target PKs (column 1), designation of target PK or its ligand (column 2), unbound surface

area (column 3) and bound surface area (column 4), the difference of bound and unbound surface area (column 5) and the fraction of surface lost in the

bound state (column 6). Results for each PDB are listed as consecutive rows with the same highlighting.

PDB Target/ligand Unbound SA Bound SA Delta Delta/unbound SA
3ue4 ABLI1 691.79 216.44 475.36 0.69
3ue4 DB8 826.25 240.44 585.81 0.71
2xp2 ALK 619.97 135.86 484.11 0.78
2xp2 VGH 683.97 134.59 549.38 0.8
2hyy ABL1 782.04 63.08 718.97 0.92
2hyy STI 828.17 73.92 754.25 0.91
4xv2 BRAF 599.29 39.44 559.85 0.93
4xv2 P06 737.19 62.25 674.94 0.91

Note: PDB: Protein Data Bank

The preceding examples illustrate a means to integrate a coarse-
grained 2D fragment approach, combined with chemosensitivity
data and applications of Fisher’s exact testing to yield results
that mesh with crystallographic structural details. A widely used
component of FBDD involves in silico ligand docking to screen
for candidate PKs. As with FBDD, in silico docking is a vital part
of the overall task of drug discovery. Citing the above example
for the VGH ligand with nine KLIFS complexes, seven for ALK,
one for MET and one for ROS, all specifically target the TK
branch. Superposition of these ligand x-ray structures finds that
the VGH:ALK structures have Root Mean Square Deviations
(RMSDs) of less than 0.1 A, while VGH:MET and VGH:ROS
deviate from the VGH:ALK set by greater than 1.6 A. The rmsd of
VGH:MET and VGH:ROS is 1.32 A. These results are consistent
with the KLIFS Internal Profile Fingerprint similarity (IPF) within
the VGH:ALK set of greater than 0.9, while the IPF similarity score
drops to 0.64 and 0.62 for VGH:MET and VGH:ROS; respectively.
Although not done here, a docking search for PK targets using a
VGH:ALK conformer may not have identified the MET and ROS
targets. Whereas the coarse-grained approach using 2D fragments,
combined with chemosensitivity data and applications of Fisher’s

exact testing, includes VGH within the list of candidate ligands
[58].

Although these results represent preliminary extensions of
this analysis, two points for future use can be proposed. First,
crystallographic ligands that target PKs across different kinome
branches appear, in the above cases, to be rejected based on their
lack of branch-specific enriched 6-mers. Contributing to this
result is, in part, due to the failure of the Fisher’s exact test to
yield a significant result when fragments are shared across kinome
branches. As a cautionary note, recall that the best case results for
using -mers to retrospectively identify correct cases found 6-mers,
with 84% success and 16% failure rates. Clearly, utilization of
6-mers for compound screening, while having a relatively high
success rate, has a non-trivial likelihood for failure. Second,
utilization of kinome branch-selective 6-mers appears capable
of providing pharmacophore-based screening strategies. Third,

Drug Des, Vol.12 Iss. 2 No:1000244

necessary components of this analysis include, at a minimum; the
selection of input databases, filtering thresholds for input data,
clustering methodologies and variations in statistical methods.
The balance of these components, as reported here, represents one
choice. Validation of this and other choices require dealing with
many options. However, validative assessments will benefit most
from applying these choices, proposed in the design reported here,
to the continually increasing quantity of input data.

CONCLUSION

Decomposition of PKs ligands into fragments, followed by
statistical testing for fragment enrichment within separate kinome
branches, provides an effective means for identifying kinome-
selective fragment subsets. Associating sets of enriched branch-
selective fragments with ligands also possessing branch-selective
chemosensitivity is rare however the co-occurrence of exact 2D
KLIFS matches, that also pass the Fisher’s exact enrichment test,
yields exact matches to FDA approved ligands. In general, fragment
composition is an effective means for probing chemical databases
for candidate compounds that selectively target PKs within kinome
branches.

FUNDING

This project was funded in whole or in part with Federal funds from
the National Cancer Institute, National Institutes of Health, under
Contracts No. HHSN261200800001E and HHSN2612017000071.

There was no additional external funding received for this study.

REFERENCES
1. Erlanson DA, Fesik SW, Hubbard RE, Jahnke W, Jhoti H. Twenty

years on: The impact of fragments on drug discovery. Nat Rev Drug

Discov. 2016;15(9):605-619.

2. Kirsch P, Hartman AM, Hirsch AK, Empting M. Concepts and core
principles of fragment-based drug design. Molecules. 2019;24(23):4309.

3. Posy SL, Hermsmeier MA, Vaccaro W, Ott KH, Todderud G, Lippy
JS, et al. Trends in kinase selectivity: Insights for target class-focused

18


https://www.nature.com/articles/nrd.2016.109
https://www.nature.com/articles/nrd.2016.109
https://www.mdpi.com/1420-3049/24/23/4309
https://www.mdpi.com/1420-3049/24/23/4309
https://pubs.acs.org/doi/10.1021/jm101195a

Covell DG

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

library screening. ] Med Chem. 2011;54(1):54-66.

Ma Z, Huang SY, Cheng F, Zou X. Rapid identification of inhibitors
and prediction of ligand selectivity for multiple proteins: Application

to protein kinases. ] Phys Chem B. 2021;125(9):2288-2298.
Wang ZZ, Shi XX, Huang GY, Hao GF, Yang GF. Fragment-based

drug design facilitates selective kinase inhibitor discovery. Trends

Pharmacol Sci. 2021;42(7):551-565.

Klein HF, Hamilton DJ, de Esch IJ, Wijtmans M, O’Brien P. Escape
from planarity in fragmentbased drug discovery: A synthetic strategy
analysis of synthetic 3D fragment libraries. Drug Discov Today.
2022;27(9):2484-2496.

Vu H, Pedro L, Mak T, McCormick B, Rowley ], Liu M, et al. Fragment-
based screening of a natural product library against 62 potential
malaria drug targets employing native mass spectrometry. ACS Infect

Dis. 2018;4(4):431-444.
Parker CG, Galmozzi A, Wang Y, Correia BE, Sasaki K, Joslyn CM, et

al. Ligand and target discovery by fragment-based screening in human

cells. Cell. 2017;168(3):527-541.

Sriram K, Insel PA. G protein-coupled receptors as targets for approved
drugs: How many targets and how many drugs’ Mol Pharmacol.

2018;93(4):251-258.

Hauser AS, Attwood MM, Rask-Andersen M, Schioth HB, Gloriam
DE. Trends in GPCR drug discovery: New agents, targets and
indications. Nat Rev Drug Discov. 2017;16(12):829-842.

Ardito F, Giuliani M, Perrone D, Troiano G, Lo Muzio L. The crucial
role of protein phosphorylation in cell signaling and its use as targeted

therapy. Int ] Mol Med. 2017;40(2):271-280.
Vlasceanu GM, Victor L, Maricica H, Raluca T, Vlad O, Gheorghe I,

et al. Nanostructures for cancer therapy: From targeting to selective

toxicology. Elesevier. 2017;831-847.

Hunter T, Angel P, Boyle WJ, Chiu R, Freed E, Gould KL, et al.
Targets for signal-transducing protein kinases. Cold Spring Harb Symp
Quant Biol. 1988;53:131-142.

Feng JA, Lee P, Alaoui MH, Barrett K, Castanedo G, Godemann R,
et al. Structure based design of potent selective inhibitors of protein

kinase D1 (PKD1). ACS Med Chem Lett. 2019;10(9):1260-1265.

Kuhn D, Weskamp N, Hullermeier E, Klebe G. Functional
classification of protein kinase binding sites using Cavbase. Chem

Med Chem. 2007;2(10):1432-1447.

Kanev GK, de Graaf C, Westerman BA, de Esch IJ, Kooistra AJ.
KLIFS: An overhaul after the first 5 years of supporting kinase
research. Nucleic Acids Res. 2021;49(D1):D562-D569.

Sydow D, Schmiel P, Mortier ], Volkamer A. KinFragLib: Exploring
the kinase inhibitor space using subpocket-focused fragmentation and

recombination. ] Chem Inf Model. 2020;60(12):6081-6094.

Xing L, Rai B, Lunney EA. Scaffold mining of kinase hinge binders
in crystal structure database. Journal of computer-aided molecular

design. 2014;28:13-23.

Dimova D, Bajorath J. Assessing scaffold diversity of kinase inhibitors
using alternative scaffold concepts and estimating the scaffold hopping

potential for different kinases. Molecules. 2017;22(5):730.

Hu'Y, Stumpfe D, Bajorath ]J. Computational exploration of molecular
scaffolds in medicinal chemistry: Miniperspective. ] Med Chem.

2016;59(9):4062-4076.

De Esch ], Erlanson DA, Jahnke W, Johnson CN, Walsh L. Fragment-
tolead medicinal chemistry publications in 2020. ] Med Chem.
2021;65(1):84-99.

Drug Des, Vol.12 Iss. 2 No:1000244

22.

23.

24.

25.

26.

21.

28.

29.

30.

31

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

OPEN 8ACCESS Freely available online

Jacquemard C, Kellenberger E. A bright future for fragment-based
drug discovery: what does it hold? Expert Opin Drug Discov.
2019;14(5):413-416.

Manning G, Whyte DB, Martinez R, Hunter T, Sudarsanam S.
The protein kinase complement of the human genome. Science.

2002;298(5600):1912-1934.
Kostich M, English J, Madison V, Gheyas F, Wang L, Qiu P, et al.

Human members of the eukaryotic protein kinase family. Genome

Biol. 2002;3(9):1-12.
Zhong L, Li Y, Xiong L, Wang W, Wu M, Yuan T, et al. Small

molecules in targeted cancer therapy: Advances, challenges, and future
perspectives. Signal Transduct Target Ther. 2021;6(1):201.

Zhao Z, Bourne PE. Using the structural kinome to systematize kinase
drug discovery. Protein Kinases Promising Target Anticancer Drug

Res. 2021.

Lopes LF, Bacchi CE. Imatinib treatment for gastrointestinal stromal

tumour (GIST). ] Cell Mol Med. 2010;14(1-2):42-50.

Dang CV, Reddy EP, Shokat KM, Soucek L. Drugging the undruggable
cancer targets. Nat Rev Cancer. 2017;17(8):502-508.

Zhao Z, Xie L, Xie L, Bourne PE. Delineation of polypharmacology
across the human structural kinome using a functional site interaction

fingerprint approach. ] Med Chem. 2016;59(9):4326-4341.
O’Boyle NM, Vandermeersch T, Flynn CJ, Maguire AR, Hutchison

GR. Confab-Systematic generation of diverse low-energy conformers. J

Cheminform. 2011;3(1):1-9.

Gaulton A, Bellis L], Bento AP, Chambers ], Davies M, Hersey A, et al.
ChEMBL: A large-scale bioactivity database for drug discovery. Nucleic
Acids Res. 2012;40(D1):D1100-D1107.

Guha R. Chemical informatics functionality in R. ] Stat Softw.
2007;18:1-6.

Shang J, Sun H, Liu H, Chen F, Tian S, Pan P, et al. Comparative
analyses of structural features and scaffold diversity for purchasable
compound libraries. ] Cheminform. 2017;9(1): 1-6.

Bemis GW, Murcko MA. The properties of known drugs. 1. Molecular
frameworks. ] Med Chem. 1996;39(15):2887-2893.

de Freitas RF, Schapira M. A systematic analysis of atomic protein-
ligand interactions in the PDB. Medchemcomm. 2017;8(10):1970-
1981.

Galwey NW. AQ-Q plot aids interpretation of the false discovery rate.
Biom J. 2023;65(1):2100309.

Metz CE. Basic principles of ROC analysis. Semin Nucl Med.
1978;8(4):283-298.

Manjunath M, Zhang Y, Kim Y, Yeo SH, Sobh O, Russell N, et al.
ClusterEnG: An interactive educational web resource for clustering
and visualizing high-dimensional data. Peer] Comput Sci. 2018;4:e155.

Rabow AA, Shoemaker RH, Sausville EA, Covell DG. Mining the
National Cancer Institute’s tumor-screening database: Identification
of compounds with similar cellular activities. ] Med Chem.

2002;45(4):818-840.

Kohonen T. The self-organizing map. Proc IEEE. 1990;78(9):1464-
1480.

Kohonen T. Essentials of the self-organizing map. Neural Netw.
2013;37:52-65.

Tibshirani R, Walther G, Hastie T. Estimating the number of clusters
in a data set via the gap statistic. ] R Stat Soc Series B Stat Methodol.
2001;63(2):411-423.

19


https://www.tandfonline.com/doi/full/10.1080/17460441.2019.1583643
https://www.tandfonline.com/doi/full/10.1080/17460441.2019.1583643
https://www.science.org/doi/10.1126/science.1075762?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub%20%200pubmed
https://genomebiology.biomedcentral.com/articles/10.1186/gb-2002-3-9-research0043
https://www.nature.com/articles/s41392-021-00572-w
https://www.nature.com/articles/s41392-021-00572-w
https://www.nature.com/articles/s41392-021-00572-w
https://www.intechopen.com/chapters/78606
https://www.intechopen.com/chapters/78606
https://onlinelibrary.wiley.com/doi/10.1111/j.1582-4934.2009.00983.x
https://onlinelibrary.wiley.com/doi/10.1111/j.1582-4934.2009.00983.x
https://www.nature.com/articles/nrc.2017.36
https://www.nature.com/articles/nrc.2017.36
https://pubs.acs.org/doi/10.1021/acs.jmedchem.5b02041
https://pubs.acs.org/doi/10.1021/acs.jmedchem.5b02041
https://pubs.acs.org/doi/10.1021/acs.jmedchem.5b02041
https://jcheminf.biomedcentral.com/articles/10.1186/1758-2946-3-8
https://academic.oup.com/nar/article/40/D1/D1100/2903401?login=false
https://www.jstatsoft.org/article/view/v018i05
https://jcheminf.biomedcentral.com/articles/10.1186/s13321-017-0212-4
https://jcheminf.biomedcentral.com/articles/10.1186/s13321-017-0212-4
https://jcheminf.biomedcentral.com/articles/10.1186/s13321-017-0212-4
https://pubs.acs.org/doi/10.1021/jm9602928
https://pubs.acs.org/doi/10.1021/jm9602928
https://pubs.rsc.org/en/content/articlelanding/2017/MD/C7MD00381A
https://pubs.rsc.org/en/content/articlelanding/2017/MD/C7MD00381A
https://onlinelibrary.wiley.com/doi/10.1002/bimj.202100309
https://peerj.com/articles/cs-155/
https://peerj.com/articles/cs-155/
https://pubs.acs.org/doi/10.1021/jm010385b
https://pubs.acs.org/doi/10.1021/jm010385b
https://pubs.acs.org/doi/10.1021/jm010385b
https://sci2s.ugr.es/keel/pdf/algorithm/articulo/1990-Kohonen-PIEEE.pdf
https://www.sciencedirect.com/science/article/abs/pii/S0893608012002596?via%3Dihub
https://rss.onlinelibrary.wiley.com/doi/abs/10.1111/1467-9868.00293
https://rss.onlinelibrary.wiley.com/doi/abs/10.1111/1467-9868.00293
https://pubs.acs.org/doi/10.1021/jm101195a
https://pubs.acs.org/doi/10.1021/acs.jpcb.1c00016
https://pubs.acs.org/doi/10.1021/acs.jpcb.1c00016
https://pubs.acs.org/doi/10.1021/acs.jpcb.1c00016
https://www.sciencedirect.com/science/article/abs/pii/S0165614721000705?via%3Dihub
https://www.sciencedirect.com/science/article/abs/pii/S0165614721000705?via%3Dihub
https://www.sciencedirect.com/science/article/pii/S1359644622002124?via%3Dihub
https://www.sciencedirect.com/science/article/pii/S1359644622002124?via%3Dihub
https://www.sciencedirect.com/science/article/pii/S1359644622002124?via%3Dihub
https://pubs.acs.org/doi/10.1021/acsinfecdis.7b00197
https://pubs.acs.org/doi/10.1021/acsinfecdis.7b00197
https://pubs.acs.org/doi/10.1021/acsinfecdis.7b00197
https://www.cell.com/cell/fulltext/S0092-8674(16)31745-7?_returnURL=https%3A%2F%2Flinkinghub.elsevier.com%2Fretrieve%2Fpii%2FS0092867416317457%3Fshowall%3Dtrue
https://www.cell.com/cell/fulltext/S0092-8674(16)31745-7?_returnURL=https%3A%2F%2Flinkinghub.elsevier.com%2Fretrieve%2Fpii%2FS0092867416317457%3Fshowall%3Dtrue
https://molpharm.aspetjournals.org/content/93/4/251.long
https://molpharm.aspetjournals.org/content/93/4/251.long
https://www.nature.com/articles/nrd.2017.178
https://www.nature.com/articles/nrd.2017.178
https://www.spandidos-publications.com/ijmm/40/2/271
https://www.spandidos-publications.com/ijmm/40/2/271
https://www.spandidos-publications.com/ijmm/40/2/271
https://www.sciencedirect.com/science/article/abs/pii/B9780323461443000301
https://www.sciencedirect.com/science/article/abs/pii/B9780323461443000301
https://symposium.cshlp.org/content/53/131.short
https://pubs.acs.org/doi/10.1021/acsmedchemlett.8b00658
https://pubs.acs.org/doi/10.1021/acsmedchemlett.8b00658
https://chemistry-europe.onlinelibrary.wiley.com/doi/10.1002/cmdc.200700075
https://chemistry-europe.onlinelibrary.wiley.com/doi/10.1002/cmdc.200700075
https://academic.oup.com/nar/article/49/D1/D562/5934416
https://academic.oup.com/nar/article/49/D1/D562/5934416
https://pubs.acs.org/doi/10.1021/acs.jcim.0c00839
https://pubs.acs.org/doi/10.1021/acs.jcim.0c00839
https://pubs.acs.org/doi/10.1021/acs.jcim.0c00839
https://link.springer.com/article/10.1007/s10822-013-9700-4
https://link.springer.com/article/10.1007/s10822-013-9700-4
https://link.springer.com/article/10.1007/s10822-013-9700-4
https://www.mdpi.com/1420-3049/22/5/730
https://www.mdpi.com/1420-3049/22/5/730
https://www.mdpi.com/1420-3049/22/5/730
https://pubs.acs.org/doi/10.1021/acs.jmedchem.5b01746
https://pubs.acs.org/doi/10.1021/acs.jmedchem.5b01746
https://pubs.acs.org/doi/10.1021/acs.jmedchem.1c01803
https://pubs.acs.org/doi/10.1021/acs.jmedchem.1c01803

Covell DG

43. Diaconis P, Efron B. Computerintensive methods in statistics. Sci

Am. 1983;248(5):116-131.

44. Langham J. Ranking small molecules by how much they preferentially
inhibit the growth of cancer cell lines with either BRAF or KRAS
oncogene mutations. Peer ] PrePrints. 2014.

45. Linden A. Measuring diagnostic and predictive accuracy in disease
management: An introduction to receiver operating characteristic

(ROC) analysis. ] Eval Clin Pract. 2006;12(2):132-139.

46. Shoemaker RH. The NCI60 human tumour cell line anticancer drug
screen. Nat Rev Cancer. 2006;6(10):813-823.

47. Frey BJ, Dueck D. Clustering by passing messages between data points.
Science. 2007;315(5814):972-976.

48. Bodenhofer U, Kothmeier A, Hochreiter S. APCluster: An R package
for affinity propagation clustering. Bioinformatics. 2011;27(17):2463-
2464.

49. Metz]JT, Johnson EF, Soni NB, Merta PJ, Kifle L, Hajduk PJ. Navigating
the kinome. Nat Chem Biol. 2011;7(4):200-202.

50. Lex A, Gehlenborg N, Strobelt H, Vuillemot R, Pfister H. UpSet:
Visualization of intersecting sets. [EEE Trans Vis Comput Graph.
2014;20(12):1983-1992.

Drug Des, Vol.12 Iss. 2 No:1000244

OPEN aACCESS Freely available online

51. Lex A, Gehlenborg N. Points of view: Sets and intersections. Nat
Method. 2014;11(8):779.

52. Epanechnikov VA. Non-parametric estimation of a multivariate

probability density. Theory Probab its Appl. 1969;14(1):153-158.
53. Ratnayake R, Covell D, Ransom TT, Gustafson KR, Beutler JA.

Englerin A. A selective inhibitor of renal cancer cell growth from

Phyllanthus engleri. Org Lett. 2009;11(1):57-60.

54. Van der Maaten L, Hinton GE. Visualizing data using tSNE. ] Mach
Learn Res. 2007;9(86):2579-2605.

55. Hinton GE, Roweis S. Stochastic neighbor embedding. Adv Neural
Inf Process Syst. 2002;15:857-864.

56. Jafari M, Ansari-Pour N. Why, when and how to adjust your P values?
Cell J. 2019;20(4):604-607.

57. Benjamini Y, Hochberg Y. Controlling the false discovery rate: A
practical and powerful approach to multiple testing. J R Stat Soc.
1995;57(1):289-300.

58. Efron B. A 250year argument: Belief, behavior, and the bootstrap.
Bull Am Math Soc. 2013;50(1):129-146.

20


https://www.nature.com/articles/nmeth.3033
http://www.sciepub.com/reference/166746
http://www.sciepub.com/reference/166746
https://pubs.acs.org/doi/10.1021/ol802339w
https://pubs.acs.org/doi/10.1021/ol802339w
https://www.jmlr.org/papers/volume9/vandermaaten08a/vandermaaten08a.pdf
https://proceedings.neurips.cc/paper/2002/hash/6150ccc6069bea6b5716254057a194ef-Abstract.html
https://www.stat.purdue.edu/~doerge/BIOINFORM.D/FALL06/Benjamini%20and%20Y%20FDR.pdf
https://www.stat.purdue.edu/~doerge/BIOINFORM.D/FALL06/Benjamini%20and%20Y%20FDR.pdf
https://www.researchgate.net/publication/265770474_A_250-year_argument_Belief_behavior_and_the_bootstrap
https://www.jstor.org/stable/24968902
https://peerj.com/preprints/532/
https://peerj.com/preprints/532/
https://peerj.com/preprints/532/
https://onlinelibrary.wiley.com/doi/10.1111/j.1365-2753.2005.00598.x
https://onlinelibrary.wiley.com/doi/10.1111/j.1365-2753.2005.00598.x
https://onlinelibrary.wiley.com/doi/10.1111/j.1365-2753.2005.00598.x
https://www.nature.com/articles/nrc1951
https://www.nature.com/articles/nrc1951
https://www.science.org/doi/10.1126/science.1136800?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub%20%200pubmed
https://academic.oup.com/bioinformatics/article/27/17/2463/224402?login=false
https://academic.oup.com/bioinformatics/article/27/17/2463/224402?login=false
https://www.nature.com/articles/nchembio.530
https://www.nature.com/articles/nchembio.530
https://ieeexplore.ieee.org/document/6876017
https://ieeexplore.ieee.org/document/6876017

