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Abstract

Leukemia progression is increasingly shaped by reciprocal interactions between leukemic
cells and the bone marrow microenvironment, yet the extracellular regulatory networks
associated with these interactions remain incompletely understood. Here, we investigated
the biological context associated with the antileukemic activity of LCC-10 (NSC765599),
a synthetic biphenyl benzamide derivative, using an integrated pharmacogenomic and
structure-guided computational framework. Antiproliferative activity was first character-
ized using the NCI-60 screen and subsequently integrated with pharmacogenomic response
similarity analysis, baseline transcriptomic profiling, similarity-based target prediction,
systems-level network analysis, molecular docking, coarse-grained molecular dynamics
simulations, comparative in silico ADMET evaluation, and zebrafish embryo developmen-
tal toxicity assessment. LCC-10 exhibited potent antiproliferative activity across leukemia
cell lines, with submicromolar Glsg values in five of six models. Computational analyses
converged on a matrix metalloproteinase (MMP)-associated extracellular matrix (ECM)
regulatory network, with MMP2 and MMP9 among the recurrently implicated candidates.
Structure-guided analyses suggested structural compatibility of LCC-10 with representative
MMP catalytic domains but did not establish direct biochemical inhibition or target en-
gagement. Comparative in silico ADMET analyses supported the predicted developability
profile of LCC-10, whereas zebrafish embryo assays indicated concentration-dependent
developmental tolerability within the tested range. Collectively, these findings associate
LCC-10 with an MMP-associated ECM regulatory network in leukemia while defining this
relationship as a hypothesis requiring direct experimental validation. This integrated frame-
work provides a rationale for subsequent biochemical, target-engagement, and functional
studies to clarify the molecular basis of LCC-10 activity.

Keywords: leukemia; extracellular matrix; matrix metalloproteinases; bone marrow
microenvironment; pharmacogenomics; systems pharmacology

1. Introduction

Leukemia comprises a heterogeneous group of hematological malignancies charac-
terized by the uncontrolled proliferation of immature hematopoietic cells and remains a
major cause of cancer-related mortality worldwide [1]. Despite substantial advances in
chemotherapy, hematopoietic stem cell transplantation, molecularly targeted therapies,
and, more recently, immunotherapy, long-term clinical outcomes remain limited by disease
relapse, therapeutic resistance, and persistence of leukemia-initiating cells [2]. Increasing
evidence indicates that leukemia progression is governed not only by intrinsic genetic and
epigenetic alterations but also by dynamic interactions between leukemic cells and the
bone marrow microenvironment [3]. In particular, the ECM provides structural support
together with cytokines, growth factors, and proteolytic signals that collectively regulate
leukemic cell survival, therapeutic tolerance, and disease progression [4]. These findings
have increased interest in leukemia-supportive microenvironmental regulatory networks as
potential complements to therapeutic strategies directed against leukemic cells themselves.

Natural products and their synthetic derivatives remain an important source of struc-
turally diverse lead compounds for anticancer drug discovery [5]. Among these, hon-
okiol, a biphenyl neolignan isolated from Magnolia officinalis, exhibits antiproliferative,
anti-inflammatory, and pro-apoptotic activities across multiple malignancies, including
leukemia [6-8]. Likewise, the FDA-approved salicylanilide niclosamide has attracted
considerable attention because of its ability to modulate multiple oncogenic signaling
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pathways [9]. Fragment-inspired scaffold-hopping strategies have further enabled the de-
velopment of chemically tractable small molecules with improved drug-like properties and
expanded biological activities [10,11]. LCC-10 (NSC765599) is a synthetic biphenyl benza-
mide derivative developed in our laboratory through fragment-inspired scaffold-hopping
optimization that combines a honokiol-derived biphenyl scaffold with a niclosamide-
inspired benzamide pharmacophore. Although LCC-10 has previously been reported
to inhibit receptor activator of nuclear factor-kB ligand (RANKL)-induced osteoclasto-
genesis [12], its antileukemic activity and the biological pathways associated with its
pharmacological effects remain largely unknown.

Recent advances in systems pharmacology and computational biology have trans-
formed phenotypic drug discovery by enabling biological hypotheses to be generated from
multidimensional pharmacogenomic datasets without requiring prior knowledge of molec-
ular targets [13]. The NCI-60 represents one of the best-characterized phenotypic-molecular
platforms for integrating drug-response profiles with genomic and transcriptomic infor-
mation to facilitate mechanism-oriented drug discovery [14]. Rather than relying on a
single prediction algorithm, integration of complementary and partially interdependent
computational approaches can identify biological pathways recurrently implicated across
analytical layers, thereby providing a systems-level strategy for hypothesis generation [15].
Importantly, however, such computational convergence identifies candidate biological
associations and does not by itself establish direct target engagement or causal mechanisms
of drug action. Whether such an integrated framework can identify extracellular regulatory
programs associated with the antileukemic activity of LCC-10 has not been investigated.

Here, we applied an integrated pharmacogenomic and structure-guided computa-
tional framework to investigate the biological programs associated with the antileukemic
activity of LCC-10 (NSC765599). Antiproliferative activity was first characterized using
the NCI-60 screen and subsequently integrated with pharmacogenomic response similarity
analysis [16], baseline transcriptomic profiling [17], similarity-based target prediction [18],
protein—protein interaction (PPI) network analysis [19], functional enrichment analysis [20],
molecular docking [21], coarse-grained molecular dynamics simulations [22], compara-
tivein silico ADMET evaluation [23], and zebrafish embryo developmental toxicity assess-
ment [24]. Rather than beginning with a predefined molecular target, this response-driven
strategy prioritized an MMP-associated ECM regulatory network through the sequential
integration of complementary analytical layers [25]. We therefore evaluated representative
MMP catalytic domains as one structurally testable component of this network, while
recognizing that other predicted intracellular targets may also contribute to the observed
antiproliferative phenotype. Collectively, our findings associate LCC-10 with an MMP-
associated ECM regulatory network in leukemia and establish a hypothesis-generating
framework for subsequent biochemical, target-engagement, and functional validation.

2. Materials and Methods
2.1. Compounds and Reagents

LCC-10 (NSC765599) was designed and synthesized in our laboratory as previously
described [12]. Briefly, the synthesis involved a two-stage route starting from diflunisal.
Diflunisal (Angene international limited, China) was first activated with thionyl chloride
(Sigma-aldrich, USA) to generate the corresponding acid chloride, followed by coupling
with the appropriate substituted aniline to afford the biphenyl benzamide intermediate.
After purification by extraction and crystallization, the intermediate was further reacted
with methyl chloroformate (Sigma-aldrich, USA) in tetrahydrofuran/pyridine (Thermo
Scientific, Belgium) under controlled temperature, followed by reflux and mild acidic work-
up, as described previously [12]. The resulting product was purified by crystallization
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from hot ethanol. Compound identity was confirmed by HRMS and 'H and *C NMR
spectroscopy, and chemical purity (>98%) was verified by HPLC. LCC-10 was subsequently
submitted to the Developmental Therapeutics Program (DTP) of the U.S. National Cancer
Institute (NCI), assigned the identifier NSC765599, and evaluated in the NCI-60 screen.

2.2. NCI-60 Drug-Response Profiling

The antiproliferative activity of NSC765599 was evaluated using publicly available
data from the NCI-60 screen generated by the DTP of the U.S. NCI [26]. Cell growth
was assessed using the SRB assay according to established NCI-DTP protocols (https:
/ /dtp.cancer.gov/discovery_development/nci-60/default.htm) accessed on May 2026.
NSC765599 was initially screened at 10 pM and subsequently evaluated in a five-dose
concentration—response assay. Pharmacological response parameters, including the Glsp,
TGI, LCs, and ICsp, were retrieved directly from the NCI-DTP database [27]. Downstream
analyses focused on the leukemia-associated cell lines CCRF-CEM, HL-60(TB), K-562,
MOLT-4, RPMI-8226, and SR, incorporating both single-dose growth inhibition data and
five-dose pharmacological response parameters.

2.3. Pharmacological Response Similarity Analysis Using DTP-COMPARE

Pharmacological response similarity analysis was performed using the DTP-COMPARE
algorithm (https://dtp.cancer.gov/private_compare/) accessed on May 2026 to identify
compounds with NCI-60 phenotypic response signatures similar to that of NSC765599 [28].
The single-dose (10 uM) growth inhibition profile of NSC765599 was used as the query
signature. Compounds were ranked according to their Pearson correlation coefficients,
and the highest-ranked compounds were retained for comparative analysis. The num-
ber of common cell lines contributing to each correlation was also recorded to assess the
comparability of the underlying response patterns. The resulting similarity rankings were
incorporated into the subsequent integrative workflow. Downstream transcriptomic profil-
ing, similarity-based target prediction, PPI network construction, functional enrichment,
and structure-guided analyses were used as complementary, although not necessarily
independent, analytical layers for hypothesis generation.

2.4. Baseline Transcriptomic Profiling of Leukemia-Associated Cell Lines

Baseline transcriptomic data were obtained from the CellMiner platform (https://
discover.nci.nih.gov/cellminer/) accessed on May 2026 [29,30]. Relative mRNA expression
levels of representative MMP family members, including MMP2, MMP3, MMP9, MMP12,
and MMP13, were retrieved for the leukemia cell lines CCRF-CEM, HL-60(TB), K-562,
MOLT-4, RPMI-8226, and SR. Expression data were visualized to compare baseline MMP
expression patterns across the leukemia cell lines [31]. These analyses were descriptive and
were used solely to characterize the baseline expression of candidate MMPs; they were not
interpreted as evidence of an association between MMP expression and LCC-10 sensitivity,
LCC-10-induced transcriptional modulation, or direct target engagement.

2.5. Similarity-Based Target Prediction Using SwissTargetPrediction

Similarity-based target prediction was performed using the SwissTargetPrediction web
server (https://www.swisstargetprediction.ch/) accessed on May 2026 to identify candi-
date protein targets of LCC-10 [32]. SwissTargetPrediction estimates potential targets based
on 2D and 3D molecular similarity between the query compound and ligands with experi-
mentally characterized targets [33]. The canonical SMILES representation of LCC-10 was
submitted using Homo sapiens as the reference species with default parameters. Predicted
targets were ranked according to their prediction probabilities and classified by protein
class. The complete predicted target landscape, including both proteases and alternative
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intracellular signaling proteins, was retained for comparative interpretation (Supplemen-
tary Table S2). Representative MMP family members were subsequently selected for
structure-guided evaluation because they provided a structurally testable component of
the ECM-associated hypothesis emerging from the sequentially integrated analyses. Al-
ternative predicted targets, particularly intracellular signaling proteins, were retained as
plausible contributors to the pharmacological activity of LCC-10 and were not excluded by
the present analysis [34].

2.6. PPI Network and Functional Envichment Analyses

PPI and functional enrichment analyses were performed to characterize the systems-
level biological context associated with the candidate targets of LCC-10. Candidate proteins
identified through similarity-based target prediction, together with representative MMP
family members examined in the ECM-associated analyses, were subjected to STRING-
based PPI network analysis using STRING version 12.0, with Homo sapiens selected as the
reference organism [35]. Protein associations were evaluated using a minimum interaction
confidence score of 0.70 [36]. Functional enrichment analyses were performed using Gene
Ontology (GO) annotations, including biological process (BP), cellular component (CC),
and molecular function (MF), together with Kyoto Encyclopedia of Genes and Genomes
(KEGG) pathway analysis to characterize significantly enriched biological functions and
signaling pathways [37]. Statistical significance was assessed using false discovery rate
(FDR)-adjusted p-values, with FDR < 0.05 considered significant [38]. Cancer Hallmarks
Analytics Tool (CHAT) analysis was additionally performed to examine associations be-
tween the MMP-associated network and established cancer hallmark processes, including
tumor-promoting inflammation, angiogenesis, invasion and metastasis, proliferative sig-
naling, and immune-related processes [39]. These network and enrichment analyses were
used to characterize systems-level biological associations and to inform the selection of rep-
resentative proteins for subsequent structure-guided evaluation; they were not interpreted
as evidence of direct target engagement or pathway modulation by LCC-10.

2.7. Structure-Based Molecular Docking and Conformational Flexibility Analyses

Structure-based molecular docking analyses were performed to evaluate the predicted
structural compatibility between LCC-10 and representative MMP catalytic domains. Five
representative MMP family members (MMP2, MMP3, MMP9, MMP12, and MMP13), to-
gether with four reference MMP inhibitors (batimastat, marimastat, PD166793, and SB-3CT)
were included for comparative analyses [40]. Three-dimensional crystal structures were
retrieved from the Protein Data Bank (PDB) and prepared by removing crystallographic
water molecules, adding hydrogen atoms, and assigning atomic charges where appropri-
ate [41]. Molecular docking simulations were performed using AutoDock Vina v1.2.5 [42].
Docking grid boxes were centered on the catalytic zinc-binding region or the co-crystallized
ligand-binding pocket of each MMP structure [43]. Predicted binding poses were ranked
according to the Vina docking score (kcal/mol), and the top-ranked conformations were se-
lected for subsequent interaction analysis. Protein-ligand interactions, including hydrogen
bonds, hydrophobic contacts, m-interactions, halogen interactions, van der Waals contacts,
and residues surrounding the catalytic pocket, were analyzed and visualized using BIOVIA
Discovery Studio Visualizer v21.1.0.20298 and PyMOLv3.1.5.1 [44].

To complement the docking analysis, coarse-grained protein conformational flexibility
analysis was performed using the CABS-flex platform [45]. Representative MMP protein
structures corresponding to the structural models selected from the docking analyses
of LCC-10 and the reference inhibitors were used as inputs. CABS-flex analyses were
performed using the default simulation settings, including 100% retained restraints, 50 sim-
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ulation cycles, 50 cycles between trajectory frames, and a simulation temperature of 1.4.
A single CABS-flex analysis was performed for each structural model, and no replicate
simulations were used for statistical inference. Because CABS-flex evaluates coarse-grained
protein conformational flexibility rather than explicit protein-ligand molecular dynamics,
the ligands were not treated as dynamically retained components within the binding pocket
during the flexibility simulations. Residue-level root mean square fluctuation (RMSF) pro-
files were generated from the resulting conformational ensembles and used to compare
local protein flexibility across the corresponding MMP structural models. Representative
backbone conformational ensembles were also examined to identify regions of relatively
greater or lower structural mobility. Because CABS-flex does not quantify ligand-binding
free energies, residence times, dissociation kinetics, or ligand retention, these analyses were
interpreted solely as computational assessments of protein conformational flexibility and
structural compatibility rather than as direct evidence of ligand-binding stability, target
engagement, or biochemical inhibition [46,47].

2.8. Physicochemical and In Silico ADMET Analyses

The physicochemical properties, drug-likeness, pharmacokinetic, and toxicity-related
parameters of LCC-10 were predicted using SwissADME, ADMETLab 3.0, pkCSM, and
GUSAR [48]. The canonical SMILES representation of LCC-10 was submitted to each
platform using the default prediction settings. Predicted physicochemical descriptors
included molecular weight, lipophilicity (LogP), topological polar surface area (TPSA),
hydrogen-bond donor and acceptor counts, rotatable bonds, aqueous solubility, and other
parameters relevant to oral drug-likeness [49]. Pharmacokinetic predictions included gas-
trointestinal absorption, blood-brain barrier permeability, P-glycoprotein substrate liability,
and potential interactions with major cytochrome P450 isoforms [50]. Drug-likeness was
evaluated according to Lipinski’s rule of five, Veber’s rule, predicted bioavailability score,
and synthetic accessibility [51]. Predicted toxicity endpoints included Ames mutagenic-
ity, human ether-a-go-go-related gene (hERG) liability, hepatotoxicity, acute toxicity, and
additional platform-specific safety descriptors [52]. The same prediction workflow and
parameter settings were applied to the reference MMP inhibitors (batimastat, marimastat,
PD166793, and SB-3CT) for comparative analyses. The complete comparative ADMET
prediction dataset is provided in Supplementary Table S4. These in silico analyses were
used to comparatively assess physicochemical and predicted developability profiles and
were not interpreted as evidence of clinical pharmacokinetics or safety in humans.

2.9. Zebrafish Embryo Developmental Toxicity Assay

Zebrafish embryo developmental toxicity assays were performed to evaluate the pre-
liminary developmental tolerability of LCC-10. Wild-type AB zebrafish were maintained
at the Core Laboratory of Zebrafish, Taipei Medical University (TMU), Taipei City, Tai-
wan, under standard husbandry conditions in accordance with institutional animal care
guidelines [24]. Fertilized embryos obtained by natural spawning were maintained in E3
embryo medium. At 6 h post-fertilization (hpf), embryos were transferred to 24-well plates
(10 embryos per well; three replicate wells per treatment group; 30 embryos per treatment
group) and exposed to vehicle control or LCC-10 at final concentrations of 3, 6, or 9 uM.
Exposure media were renewed daily throughout the experimental period. Embryos were
examined at 24, 48, 72, and 96 hpf for survival, hatching rate, gross morphology, and devel-
opmental progression. Developmental endpoints, including body length, eye area, yolk sac
area, and heart rate, were quantified at 96 hpf. Bright-field images were acquired using
an Olympus SZX16 stereomicroscope, and quantitative image analysis was performed
using Image] v1.54d-assisted image analysis (National Institutes of Health, Bethesda, MD,
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USA). This assay was used exclusively as a developmental toxicity /tolerability screen and
was not designed to evaluate antileukemic efficacy or mechanism of action. This study
was approved by the TMU Institutional Animal Care and Use Committee (Certificate No.
2025_45).

2.10. Statistical Analysis

Statistical analyses were performed using GraphPad Prism (version 10.4.2; Graph-
Pad Software, San Diego, CA, USA). Pharmacological response similarity was assessed
using Pearson correlation coefficients generated by the DTP-COMPARE algorithm from
the single-dose (10 uM) NCI-60 growth-inhibition profiles. Log-transformed Gls val-
ues retrieved from the NCI-DTP database were used for comparative analyses across the
leukemia-associated cell lines. Functional enrichment significance was assessed using
FDR-adjusted p-values, with FDR < 0.05 considered statistically significant. Zebrafish
developmental toxicity data are presented as the mean + standard deviation (SD). Each
treatment group consisted of three replicate wells, with 10 embryos per well. For survival
and hatching outcomes, the replicate well was treated as the independent experimental
unit, with individual embryos within each well considered subsamples. For morphometric
endpoints, measurements were obtained from individual embryos within each replicate
well and summarized at the well level for statistical analysis, such that the replicate well,
rather than the individual embryo, constituted the independent experimental unit. Statisti-
cal comparisons among treatment groups for morphometric endpoints were performed
using one-way analysis of variance (ANOVA), followed by Tukey’s multiple-comparison
test for comparisons of each LCC-10 treatment group with the vehicle control. All statistical
tests were two-sided, and p < 0.05 was considered statistically significant.

3. Results
3.1. NSC765599 Exhibits Potent Antiproliferative Activity in Leukemia-Associated Cell Lines

NSC765599, a synthetic biphenyl benzamide incorporating structural features derived
from honokiol and niclosamide, was evaluated using the NCI-60 panel to characterize its
antiproliferative activity (Figure 1). Initial single-dose screening (10 pM) demonstrated
broad growth-inhibitory activity across multiple cancer types, with the leukemia subpanel
exhibiting marked sensitivity to NSC765599. Among the leukemia-associated cell lines,
CCRF-CEM, HL-60(TB), K-562, MOLT-4, and RPMI-8226 showed substantial growth inhibi-
tion, with heterogeneous responses observed across the broader NCI-60 panel. Five-dose
concentration-response analyses further demonstrated concentration-dependent growth
inhibition across all six leukemia-associated cell lines, including CCRF-CEM, HL-60(TB),
K-562, MOLT-4, RPMI-8226, and SR. Gl5 values were submicromolar in five of the six
leukemia-associated cell lines, ranging from 0.248 to 0.928 uM, whereas SR exhibited a Glsg
value of 1.95 uM. Corresponding ICsy values ranged from 0.759 to 5.01 uM, with RPMI-
8226, HL-60(TB), and MOLT-4 displaying the greatest sensitivity to NSC765599. TGI was
achieved at low-to-moderate micromolar concentrations, whereas LCsj values generally
exceeded 100 pM across the leukemia subpanel. Collectively, these findings define the
phenotypic antiproliferative profile of NSC765599 in leukemia-associated cell lines and
provide the basis for subsequent pharmacogenomic response-similarity, systems-level, and
structure-guided computational analyses. Complete pharmacological response data for the
NCI-60 panel are provided in Supplementary Figure S1.
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Figure 1. Antiproliferative activity of NSC765599 across the NCI-60 panel. (A) Chemical structures

of NSC765599 illustrating its fragment-inspired design incorporating a honokiol-derived biphenyl
scaffold and a niclosamide-inspired pharmacophore. (B) Single-dose (10 uM) growth-response

profileof NSC765599 across the leukemia-associated NCI-60 cell lines. (C) Single-dose (10 pM)
growth-response profile of NSC765599 across the complete NCI-60 panel. (D) Five-dose concentration—
response profiles of NSC765599 across the six leukemia-associated cell lines. (E) Comparative Gls

values of NSC765599 across leukemia-associated cell lines. (F) Comparative ICsy values across the

six leukemia-associated cell lines. (G) Summary of pharmacological response parameters (Gl5p, TGI,
LCs5p, and ICsp) for the six leukemia-associated cell lines.
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3.2. DTP-COMPARE Analysis Identifies a Distinct Pharmacological Response Signature
of NSC765599

To identify compounds exhibiting similar phenotypic response patterns, the NCI-60
growth-response profile of NSC765599 was analyzed using the DTP-COMPARE algo-
rithm. Response-similarity analysis identified several investigational compounds with
high pharmacological similarity (Pearson’s r = 0.76-0.92), most of which were structurally
related biphenyl analogs. The clinically approved salicylanilide niclosamide also exhibited
relatively high response similarity (r = 0.71), consistent with a partially shared NCI-60
phenotypic response pattern. The highest-ranked compounds displayed comparable com-
mon cell line counts (CCLC = 55-57), indicating that the correlations were derived from
similarly represented NCI-60 datasets. In contrast, established cytotoxic and targeted
anticancer agents, including platinum compounds, alkylating agents, topoisomerase in-
hibitors, antimetabolites, anthracyclines, and mTOR inhibitors, showed substantially lower
response similarity (r = 0.12-0.29), despite comparable common cell line counts (Supple-
mentary Table S1). Collectively, these findings indicate that NSC765599 displays an NCI-60
pharmacological response signature distinct from those of conventional anticancer agents
examined. This phenotypic observation provided an initial pharmacological context that
was subsequently integrated with baseline transcriptomic characterization, similarity-based
target prediction, systems-level network analyses, and structure-guided computational
evaluation, without assigning a specific molecular mechanism from the DTP-COMPARE
profile alone.

3.3. Integrated Transcriptomic and Functional Enrichment Analyses Highlight an
MMP-Associated ECM Regulatory Context

To characterize the biological context associated with the pharmacological activity
of LCC-10, baseline transcriptomic expression profiles of representative MMPs (MMP2,
MMP3, MMP9, MMP12, and MMP13) were examined across leukemia-associated cell
lines using the CellMiner platform (Figure 2A) [29]. Individual MMP family members
exhibited heterogeneous expression patterns across the leukemia models [53]. MMP2 and
MMP9 were expressed across multiple cell lines, whereas MMP3, MMP12, and MMP13
displayed more cell line-specific expression patterns [54]. These CellMiner data represent
baseline mRNA expression in untreated cells and therefore establish the presence and rela-
tive expression of candidate MMP-related genes across the leukemia models, rather than
LCC-10-induced transcriptional modulation or direct target engagement [55,56]. Impor-
tantly, no direct expression-response relationship between individual MMPs and LCC-10
sensitivity is inferred from these data. Functional enrichment analyses provided comple-
mentary systems-level context for the candidate protein network [57]. GO biological process
analysis identified significant enrichment of ECM-associated processes, including ECM or-
ganization, collagen catabolic process, extracellular structure disassembly, proteolysis, and
cellular responses to oxidative and inflammatory stimuli (Figure 2B) [58]. Consistent with
these findings, GO cellular component analysis identified the ECM, collagen-containing
ECM, extracellular region, extracellular space, and external encapsulating structure among
thepredominant enriched cellular compartments (Figure 2C). GO molecular function analy-
sis further highlighted metalloendopeptidase activity, metallopeptidase activity, collagen
binding, fibronectin binding, and zinc ion binding, supporting enrichment of extracellu-
lar proteolytic functions associated with ECM remodeling (Figure 2D). KEGG pathway
analysis further revealed enrichment of pathways associated with inflammatory signaling,
extracellular remodeling, and cellular migration (Figure 2E). Among the enriched pathways
were IL-17 signaling, TNF signaling, leukocyte transendothelial migration, proteoglycans
in cancer, transcriptional misregulation in cancer, and fluid shear stress and atherosclerosis
(Figure 2F) [59]. Additional enriched pathways included endocrine resistance, estrogen sig-
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naling, and several cancer-associated pathways, reflecting the broader biological functions
represented within the predicted target network [60]. Collectively, the baseline expression
and functional enrichment analyses highlighted an MMP-associated ECM regulatory con-
text as a systems-level biological association in the leukemia models. Importantly, these
analyses identify biological associations rather than LCC-10-induced pathway modula-
tion. Together with the pharmacological response analyses, these observations provided
a rationale for including representative MMP family members in the subsequent target-
prediction and structure-guided analyses, while recognizing that these analytical layers are
complementary rather than fully independent.
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Figure 2. Integrated transcriptomic and functional enrichment analyses support an MMP-associated
ECM regulatory context. (A) Baseline relative mRNA expression of MMP2, MMP3, MMP9, MMP12,
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and MMP13 across leukemia-associated NCI-60 cell lines retrieved from the CellMiner database.
These data represent baseline expression in untreated cells and do not indicate LCC-10-induced
transcriptional modulation. (B-D) Gene Ontology (GO) enrichment analyses showing significantly
enriched biological process (BP), cellular component (CC), and molecular function (MF) categories,
respectively. (E) KEGG pathway interaction network. (F) Ranked KEGG pathway enrichment
analysis. Collectively, these analyses provide systems-level support for an MMP-associated ECM
regulatory context within the candidate target network of LCC-10, without establishing direct target
engagement or LCC-10-induced pathway modulation.

3.4. Similarity-Based Target Prediction Identifies Multiple Candidate Target Classes for LCC-10

To identify candidate protein targets potentially associated with LCC-10, similarity-
based target prediction was performed using SwissTargetPrediction [32]. The predicted
target profile encompassed multiple functional classes, including proteases, receptor tyro-
sine kinases, serine/threonine kinases, other enzymes, and secreted proteins. Among the
predicted protease targets, several MMP family members, including MMP2, MMP3, MMP9,
MMP12, and MMP13, were identified [61]. Importantly, theprediction alsoidentified several
cancer-relevant intracellular signaling proteins, including the receptor tyrosine kinases
EGFR, FGFR1, PDGFRB, and KDR; the serine/threonine kinases MAPK14, MTOR, GSK3B,
PDK1, CHEK1, and MAPK1; and the non-receptor kinases SRC and PTK2B; together with
PTGES and VEGFA (Supplementary Table S2) [62]. Thus, similarity-based prediction did
not support a unique molecular target for LCC-10 but instead suggested a potentially
multi-target pharmacological profile encompassing both extracellular proteases and intra-
cellular signaling proteins. Within this broader predicted target landscape, representative
MMP family members were prioritized for subsequent structure-guided analyses because
the protease class converged with the baseline MMP expression and ECM/proteolysis-
related enrichment patterns described above. This prioritization was intended to examine
one systems-level hypothesis rather than to exclude alternative candidate mechanisms.
Predicted intracellular targets, including MTOR, CHEK1, and EGFR, therefore remain
plausible contributors to the antiproliferative phenotype and require direct experimental
validation. Accordingly, subsequent docking and conformational analyses evaluated the
structural compatibility of LCC-10 with representative MMP catalytic domains rather than
establishing MMPs as exclusive or experimentally validated molecular targets.

3.5. Systems-Level Network Analyses Support an MIMP-Associated ECM Regulatory Network

To further characterize the systems-level context of the candidate targets associated
with of LCC-10, PPI network analysis was performed using the STRING database [63]. The
resulting network demonstrated extensive functional connectivity among ECM remodel-
ing proteins, MMPs, tissue inhibitors of metalloproteinases (TIMPs) [64], ADAM family
metalloproteases [65], ECM components, and other protease-associated regulatory proteins
(Figure 3A) [25]. Representative MMP family members, including MMP2, MMP3, MMP9,
MMP12, and MMP13, occupied interconnected positions within this network and showed
associations with TIMPs, ADAM family members, and ECM-related proteins, supporting a
coordinated extracellular proteolytic and ECM-remodeling network rather than isolated in-
volvement of individual MMPs. To further characterize the biological functions represented
within this network, cancer hallmark enrichment analysis was performed using curated
hallmark gene sets. Significant enrichment was observed in processes associated with
tissue invasion and metastasis, tumor-promoting inflammation, sustained angiogenesis,
resistance to cell death, and immune-related regulation (Figure 3B). Additional enrich-
ment involved proliferative signaling, replicative immortality, metabolic reprogramming,
and genome instability, indicating that the predicted network encompasses biological
processes extending beyond extracellular proteolysis alone. Importantly, these network-
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level associations were consistent with the ECM-related functional enrichment patterns
identified in Figure 2 and with the similarity-based target-prediction results (Supplemen-
tary Table S2). However, because these analyses are based on predicted targets, baseline
expression profiles, and functional associations, they do not establish LCC-10-induced
pathway modulation or direct engagement of individual MMPs. Rather, the recurrence of
MMP-/ECM-related features across analytical layers provided the rationale for prioritizing
representative MMP catalytic domains for subsequent structure-based analyses. Collec-
tively, these findings support an MMP-associated ECM regulatory network as a candidate
systems-level biological context associated with the pharmacological profile of LCC-10,
while direct biochemical and functional validation will be required to determine whether
this network contributes causally to its antileukemic activity.
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Figure 3. Systems-level network analyses support an MMP-associated ECM regulatory network.
(A) High-confidence PPI network generated using the STRING database. Nodes represent proteins,
and edges represent known or predicted functional associations among proteins. Representative
MMP family members show extensive functional connectivity with ECM components, TIMPs, ADAM
family metalloproteases, and other extracellular proteolytic regulators. (B) Cancer hallmark enrich-
ment analysis of the MMP-associated network using curated hallmark gene sets. Radial bars indicate
enrichment significance expressed as —log10 (adjusted p-values) across individual hallmark cate-
gories. Prominent enrichment was observed in tissue invasion and metastasis, tumor-promoting
inflammation, sustained angiogenesis, resistance to cell death, immune-related processes, prolifera-
tive signaling, metabolic reprogramming, and genome instability. These network-level associations
support an MMP-associated ECM regulatory context within the predicted target profile of LCC-10
but do not establish direct pathway modulation or target engagement. The different bar colors are
used only to visually distinguish the individual cancer hallmark categories and do not represent an
additional quantitative variable.

3.6. Structure-Based Analyses Support Structural Compatibility of LCC-10 with Representative
MMP Catalytic Domains

To evaluate the structural compatibility of LCC-10 with representative MMP fam-
ily members prioritized through the preceding pharmacogenomic, transcriptomic, and
systems-level analyses, molecular docking was performed against five representative MMP
catalytic domains (MMP2, MMP3, MMP9, MMP12, and MMP13) (Figure 4A). Representa-
tive broad-spectrum MMP inhibitors, including batimastat, marimastat, PD166793, and
SB-3CT, were analyzed in parallel as structural comparators (Figure 4B,C) [66]. Across
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the five representative MMPs, LCC-10 yielded predicted binding energies ranging from
—9.9 to —11.5 kcal/mol, with the most favorable docking scores observed for MMP12
(—11.5 kcal /mol) and MMP9 (—11.1 kcal/mol). The relatively narrow distribution of dock-
ing scores indicated broadly similar predicted structural compatibility across the five MMP
catalytic domains rather than marked computational preference for a single MMP isoform.
Inspection of the predicted docking poses suggested that LCC-10 could be accommodated
within the catalytic pockets of all five analyzed MMPs, occupying the substrate-binding
cavity and forming multiple predicted non-covalent contacts with residues surrounding
the catalytic zinc-binding environment. These predicted interactions included hydrophobic
contacts, conventional hydrogen bonds, halogen interactions, m-interactions, and van der
Waals contacts, with representative interacting residues summarized in Supplementary
Table S3. Comparative docking analyses indicated that the predicted docking scores of
LCC-10 were within a range comparable to those obtained for the representative broad-
spectrum MMP inhibitors and were numerically more favorable for several MMP isoforms
(Figure 4B). Whereas the reference compounds showed greater variability in predicted
docking scores across the five MMPs, LCC-10 displayed a relatively consistent compu-
tational docking profile. These comparisons are intended solely to provide structural
reference points and should not be interpreted as evidence that LCC-10 has biochemical
inhibitory potency comparable or superior to that of established MMP inhibitors. Col-
lectively, the docking results complement the pharmacogenomic, transcriptomic, target
prediction, and systems-level network analyses presented above by suggesting that LCC-10
is computationally compatible with the catalytic pockets of representative MMP family
members. Importantly, molecular docking provides static predictions of ligand-protein
spatial compatibility and does not establish direct target engagement, biochemical inhibi-
tion, binding kinetics, or functional MMP modulation. Because validation by re-docking of
co-crystallized ligands was not performed, the docking results should be interpreted as
hypothesis-generating structural predictions rather than quantitative evidence of ligand
binding or inhibitory potency. To examine whether the predicted docking poses were com-
patible with the intrinsic conformational flexibility of the corresponding protein structures,
coarse-grained molecular dynamics simulations were subsequently performed.

3.7. Comparative Physicochemical and In Silico Developability Assessment of LCC-10

To further characterize the predicted developability profile of LCC-10, in silico physic-
ochemical, pharmacokinetic, drug-likeness, and toxicity-related (ADMET) analyses were
performed using SwissADME, ADMETLab 3.0, and pkCSM. The predicted properties of
LCC-10 were systematically compared with those of representative MMP inhibitors. A
summary of the principal physicochemical characteristics is presented in Figure 5, whereas
the complete ADMET prediction dataset is provided in Supplementary Table S4. LCC-10
exhibited a molecular weight of 350.32 g/mol, a topological polar surface area (TPSA) of
73.12 A2, four rotatable bonds, five hydrogen-bond acceptors, and two hydrogen-bond
donors, indicating a relatively compact and conformationally restrained scaffold. Com-
pared with batimastat and marimastat, LCC-10 possessed fewer rotatable bonds while
retaining physicochemical properties consistent with commonly applied criteria for oral
drug-likeness. SwissADME bioavailability radar analysis showed that the physicochemical
profile of LCC-10 largely fell within the optimal physicochemical space defined by the
model and substantially overlapped with those of the representative MMP inhibitors. Phar-
macokinetic prediction suggested favorable gastrointestinal absorption and no predicted
P-glycoprotein substrate liability. LCC-10 was also predicted to exhibit a relatively lim-
ited CYP interaction profile, with CYP2C9 emerging as the principal potential interaction
among the evaluated major cytochrome P450 isoforms. Drug-likeness assessment indicated
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alerts among the evaluated endpoints, although a potential hERG-related liability was
identified [68]. Collectively, these computational analyses suggest that LCC-10 possesses a
physicochemical and predicted ADMET profile warranting further experimental evaluation.
However, these in silico predictions do not establish in vivo pharmacokinetics or safety
and require experimental validation.
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Figure 4. Structure-based molecular docking analyses support the structural compatibility of LCC-10
with representative MMP catalytic domains. (A) Surface representations of the predicted binding
modes of LCC-10 within the catalytic domains of MMP2, MMP3, MMP9, MMP12, and MMP13. Pre-
dicted docking scores (kcal/mol) are indicated above each complex. LCC-10 was predicted to occupy
the substrate-binding cavities and form multiple non-covalent contacts with residues surrounding
the catalytic zinc-binding environment. Representative interacting residues and interaction types
are summarized in Supplementary Table S3. (B) Heatmap comparing the predicted docking scores
of LCC-10 and representative broad-spectrum MMP inhibitors (batimastat, marimastat, PD166793,
and SB-3CT) across the five representative MMP isoforms. (C) Chemical structures, PubChem Com-
pound IDs, and chemical names of the representative MMP inhibitors included in the comparative
docking analyses.

3.8. CABS-Flex Analyses Support Comparable Conformational Flexibility of Representative MMP
Structural Models

To complement the molecular docking analysis, a coarse-grained conformational flexi-
bility assessment was performed using the CABS-flex platform for representative MMP2,
MMP3, MMP9, MMP12, and MMP13 structural models associated with the selected dock-
ing conditions for LCC-10 and the reference MMP inhibitors (Figure 6) [69]. Superposition
of representative backbone conformations showed broadly similar global protein architec-
tures across the analyzed structural ensembles. Residue-level root mean square fluctuation
(RMSF) profiles indicated that conformational variability was predominantly localized to
solvent-exposed loops and terminal regions, whereas residues within and surrounding the
catalytic domains generally exhibited lower fluctuations [70]. Across the five representative
MMPs, the CABS-flex-derived RMSF profiles of the structural models selected from the
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LCC-10 and reference-inhibitor docking analyses were broadly comparable. Localized
differences in residue mobility were observed in several flexible regions; however, no con-
sistent increase in global protein fluctuation was associated with LCC-10-related structural
models. Notably, MMP13 exhibited a pronounced RMSF peak across the analyzed struc-
tural models, suggesting that this region represents an intrinsically flexible feature of the
protein rather than a feature unique to the LCC-10-associated model [71]. Collectively, these
analyses indicate that the MMP structural modelsassociated with the predicted LCC-10
docking poses exhibit conformational flexibility broadly comparable to that observed for
the reference-inhibitor conditions. Importantly, CABS-flex evaluates coarse-grained protein
conformational flexibility and does not quantify ligand-binding free energies, residence
times, dissociation kinetics, or ligand retention within the binding pocket. [46]. Accordingly,
these results should be interpreted solely as computational support for protein conforma-
tional compatibility and not as evidence of binding stability, direct target engagement, or
biochemical inhibition. Together with the docking analyses, the CABS-flex results pro-
vide complementary structural context supporting further experimental evaluation of the
predicted compatibility of LCC-10 with representative MMP catalytic domains.
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Figure 5. Comparative physicochemical and in silico developability assessment of LCC-10 and
representative MMP inhibitors. Chemical structures of LCC-10, batimastat, marimastat, PD166793,
and SB-3CT are shown in the upper panels. The middle panels show SwissADME bioavailability radar
plots summarizing six physicochemical properties associated with oral drug-likeness (LIPO, SIZE,
POLAR, INSOLU, INSATU, and FLEX). The lower panels summarize predicted pharmacokinetic,
medicinal chemistry, and toxicity-related properties. These computational profiles are intended for
comparative assessment and do not represent experimentally validated pharmacokinetic or safety
properties. The complete ADMET prediction dataset is provided in Supplementary Table S4.

3.9. Zebrafish Embryo Developmental Toxicity Assessment of LCC-10

To complement the in silico ADMET predictions, zebrafish embryo developmental
toxicity assays were performed to provide a preliminary in vivo assessment of LCC-10
tolerability [24]. Embryos were exposed to vehicle control or LCC-10 at concentrations of
3,6, 0r 9 uM from 6 to 96 hpf, during which survival, hatching, gross morphology, and
developmental endpoints were evaluated (Figure 7). Representative bright-field images
showed generally preserved gross morphology across the treatment groups during embry-
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onic development (Figure 7B). Survival remained relatively high at 3 and 6 uM, whereas
exposure to 9 pM was associated with a more pronounced reduction in survival at later
developmental stages (Figure 7C). Similarly, hatching progressed over time in the control

and lower-concentration groups, whereas the 9 uM group exhibited a marked delay in
hatching (Figure 7D).

RMSF (A)

Figure 6. CABS-flex analyses show comparable conformational flexibility across representative
MMP structural models. (A-E) CABS-flex conformational flexibility analyses of representative
MMP2, MMP3, MMP9, MMP12, and MMP13 structural models selected from the docking analyses of
LCC-10, batimastat, marimastat, PD166793, and SB-3CT. Left panels show superimposed backbone
conformations sampled from the CABS-flex ensembles, whereas right panels show residue-level
RMSF profiles. Broadly comparable RMSF patterns were observed across the analyzed structural
models, supporting broadly similar predicted protein conformational flexibility. CABS-flex assesses
protein flexibility and does not establish ligand retention, binding stability, biochemical inhibition, or
direct target engagement.

Quantitative morphometric analyses at 96 hpf evaluated eye area, body length, yolk
sac area, and heart rate (Figure 7E-H). Statistical comparisons among treatment groups
were performed using one-way ANOVA followed by Tukey’s multiple-comparison test. For
eye area (Figure 7E), no significant overall treatment effect was detected [F(3, 8) = 0.5525,
p = 0.6606], and none of the LCC-10 treatment groups differed significantly from the control
(B uM, p =0.5718; 6 uM, p = 0.2936; 9 uM, p = 0.3103). For body length (Figure 7F), a signifi-
cant overall treatment effect was observed [F(3, 8) = 379.3, p < 0.0001], with significantly
greater body length at 3, 6, and 9 uM than in the control group (all p < 0.0001). Yolk sac area
(Figure 7G) also showed a significant overall treatment effect [F(3, 8) = 22.48, p = 0.0003].
Tukey’s post hoc analysis showed no significant difference at 3 uM (p = 0.1624), whereas
significant increases were observed at 6 uM (p = 0.0221) and 9 uM (p < 0.0001) relative to
the control, indicating a concentration-related alteration in this developmental endpoint.
Heart rate (Figure 7H) likewise showed a significant overall treatment effect [F(3, 8) = 60.79,
p < 0.0001], with significant increases at 3 pM (p = 0.0039), 6 uM (p < 0.0001), and 9 uM
(p < 0.0001) compared with the control.
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Figure 7. Zebrafish embryo developmental toxicity assessment of LCC-10. (A) Experimental design
of the zebrafish embryo developmental toxicity assay. Embryos were exposed to vehicle control or
LCC-10 (3, 6, or 9 uM) from 6 to 96 hpf, and survival, hatching, gross morphology, and developmental
endpoints were evaluated during the exposure period. (B) Representative bright-field images of
zebrafish embryos at 24, 48, 72, and 96 hpf following treatment with vehicle control or LCC-10.
(C) Survival rates during continuous exposure. (D) Hatching rates during embryonic develop-
ment. (E-H) Quantitative analyses of eye area (E), body length (F), yolk sac area (G), and heart rate
(H) at 96 hpf. Data are presented as mean + SD from three replicate wells per treatment group (10 em-
bryos per well), with the replicate well considered the experimental unit. Statistical comparisons
for morphometric endpoints (E-H) were performed using one-way ANOVA followed by Tukey’s
multiple-comparison test. Exact p-values are shown; ns, not significant.

Collectively, these findings indicate that LCC-10 exposure was associated with mea-
surable alterations in selected developmental endpoints, particularly yolk sac area and
heart rate, while gross morphology remained generally preserved. The highest tested con-
centration (9 uM) was additionally associated with reduced survival and delayed hatching,
indicating decreased developmental tolerability at higher exposure. Thus, the zebrafish
embryo assay provides a preliminary assessment of developmental tolerability within
the tested concentration range rather than establishing comprehensive in vivo safety. Al-
though zebrafish embryos represent a useful vertebrate model for early developmental
toxicity screening, additional mammalian pharmacokinetic and toxicological studies will
be required to define the preclinical safety profile of LCC-10.

4. Discussion

Leukemia progression is increasingly recognized as a dynamic process driven not
only by intrinsic genetic abnormalities but also by reciprocal interactions between leukemic
cells and the bone marrow microenvironment. Although current therapeutic strategies pre-
dominantly target intracellular oncogenic signaling, accumulating evidence indicates that
ECM remodeling contributes to leukemia cell survival, migration, therapeutic resistance,
and niche maintenance. In the present study, we applied an integrated pharmacogenomic
and structure-guided computational framework to investigate the biological context associ-
ated with the antileukemic activity of LCC-10. Rather than beginning with a predefined
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molecular target, our workflow integrated NCI-60 phenotypic profiling, DTP-COMPARE
response similarity analysis, transcriptomic profiling, similarity-based target prediction,
systems-level network analyses and functional enrichment analyses, molecular docking,
coarse-grained conformational flexibility assessment, in silico developability prediction,
and zebrafish embryo developmental toxicity evaluation. Across these complementary ap-
proaches, the findings prioritized an MMP-associated ECM regulatory network as a testable
systems-level biological context associated with the pharmacological activity of LCC-10.

MMPs have traditionally been viewed as extracellular proteases responsible for ma-
trix degradation; however, their biological functions extend substantially beyond ECM
proteolysis. MMPs participate in cytokine activation, chemokine processing, angiogenesis,
leukocyte trafficking, inflammatory signaling, and dynamic remodeling of the tumor mi-
croenvironment [72]. In hematological malignancies, dysregulated MMP activity has been
implicated in bone marrow niche remodeling, leukemic cell dissemination, vascular inva-
sion, immune modulation, and therapeutic resistance [73]. Consistent with these biological
roles, transcriptomic profiling, functional enrichment, and systems-level network analyses
in the present study collectively implicated coordinated ECM remodeling, inflammatory
signaling, and extracellular proteolytic regulation rather than dependence on any individ-
ual MMP family member. Importantly, the CellMiner data used in this study represent
baseline mRNA expression in untreated NCI-60 cells and therefore establish the presence
and relative expression of candidate MMP-related genes rather than LCC-10-induced tran-
scriptional regulation. Accordingly, the present findings are more appropriately interpreted
as supporting an MMP-associated extracellular regulatory context than as demonstrating
inhibition of any individual MMP by LCC-10.

Structure-based analyses provided an additional, but distinct, layer of support for this
working hypothesis. Molecular docking indicated that LCC-10 could be accommodated
within the catalytic domains of representative MMP isoforms, with predicted docking
scores comparable to those obtained for the selected reference MMP inhibitors. These
calculations therefore support the structural plausibilityof LCC-10 recognition by represen-
tative MMP catalytic pockets, but do not establish biochemical inhibition or direct target
engagement. Complementary CABS-flex analyses showed that MMP structural models
associated with the predicted LCC-10 docking poses exhibited residue-level conformational
flexibility broadly comparable to that observed under the reference-inhibitor conditions.
Importantly, CABS-flex evaluates coarse-grained protein conformational flexibility rather
than ligand-binding free energy, residence time, dissociation kinetics, or ligand retention
within the binding pocket. Thus, the docking and CABS-flex analyses should be interpreted
collectively as computational support for structural and conformational compatibility,
rather than as a demonstration of stable MMP binding or inhibition by LCC-10. Direct
biochemical and target-engagement studies will therefore be required to determine whether
the predicted MMP interactions occur experimentally.

The similarity-based target prediction also identified several cancer-associated intra-
cellular proteins, including MTOR, CHEK1, and EGFR, as candidate targets of LCC-10.
Because these proteins regulate cell survival and proliferative signaling, their prediction
raises the possibility that intracellular mechanisms may contribute to the antiproliferative
phenotype observed in the NCI-60 screen. The present data, however, do not establish
functional inhibition of these kinases, nor do they determine whether intracellular sig-
naling or extracellular protease-associated processes contribute more directly to LCC-10
activity. The MMP-associated network was prioritized in this study because multiple
computational analyses converged on ECM remodeling and metalloprotease-related pro-
cesses; nevertheless, alternative or overlapping mechanisms remain plausible and require
experimental discrimination. Future studies integrating biochemical target assays, target-
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engagement measurements, and pathway-specific functional experiments will be necessary
to distinguish among these candidate mechanisms.

Successful translation of an early-stage lead compound also depends on its physico-
chemical and preliminary safety characteristics. Comparative in silico analyses indicated
that LCC-10 possesses physicochemical and drug-likeness properties generally comparable
to those of the selected reference MMP inhibitors, together with pharmacokinetic and
toxicity predictions that support further evaluation. These computational predictions were
complemented by zebrafish embryo developmental toxicity testing. LCC-10 produced lim-
ited overt developmental effects at 3 and 6 M, whereas exposure to 9 uM was associated
with reduced survival and delayed hatching at later developmental stages. Major morpho-
metric endpoints at 96 hpf were otherwise relatively preserved across the tested conditions.
These findings therefore indicate a concentration-dependent preliminary tolerability profile
rather than establishing comprehensive in vivo safety. Further mammalian pharmacoki-
netic, dose-ranging, and toxicological studies will be required before the developability of
LCC-10 can be adequately defined.

The potential therapeutic positioning of LCC-10 in leukemia remains to be estab-
lished. The present study was not designed to evaluate combination therapy, and no
conclusions can therefore be drawn regarding interactions between LCC-10 and currently
approved leukemia treatments. Nevertheless, the systems-level hypotheses generated
here provide a rationale for future studies examining whether modulation of extracellu-
lar microenvironment-associated processes can complement established intracellularly
targeted therapies. Such investigations should first establish the experimentally relevant
molecular targets of LCC-10 and subsequently evaluate rational drug combinations in
appropriate leukemia models.

A principal strength of this study is the integration of complementary phenotypic,
pharmacogenomic, transcriptomic, network-based, structural, and preliminary experimen-
tal approaches within a unified hypothesis-generation framework. Rather than relying on
a single prediction algorithm or target-specific screening strategy, the workflow enabled
biological hypotheses emerging from one analytical layer to be examined in the context
of complementary datasets. The convergence of several analyses on ECM remodeling
and MMP-associated processes provides a rational basis for prioritizing these pathways
for experimental testing. More broadly, this strategy illustrates how pharmacogenomic
profiling and computational systems biology can be integrated to generate experimentally
testable mechanistic hypotheses for phenotypically active compounds whose molecular
targets remain incompletely characterized.

Several limitations should be acknowledged. First, the proposed MMP-associated
ECM regulatory network represents a computationally prioritized working hypothesis
rather than an experimentally established mechanism of action. Direct validation will
require biochemical assays using recombinant MMPs, together with orthogonal target-
engagement approaches and functional assays relevant to ECM remodeling, invasion, and
transendothelial migration. Such experiments will be necessary to determine whether
MMP-associated processes contribute causally to the antiproliferative phenotype of LCC-10
or instead represent one component of a broader pharmacological response. Second, the
CABS-flex analyses assess coarse-grained protein conformational flexibility and cannot
establish ligand-binding energetics, residence time, or biochemical inhibition. Third, the ze-
brafish embryo assay provides only a preliminary assessment of developmental tolerability,
with adverse effects on survival and hatching becoming apparent at the highest tested con-
centration. Additional pharmacokinetic, efficacy, and toxicological studies in mammalian
models will therefore be required. Finally, validation in additional leukemia models and
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primary patient-derived samples will be important to establish the generalizability and
disease relevance of the proposed biological framework.

An important limitation of the present analysis is that the NCI-60 screening platform
primarily measures tumor-cell growth responses under monoculture conditions. In con-
trast, many MMP-associated functions—including extracellular proteolysis, invasion, and
microenvironmental remodeling—depend on extracellular matrix and stromal contexts that
are not represented in the NCI-60 assay. Therefore, the NCI-60 growth-inhibition phenotype
cannot directly establish whether MMP-associated extracellular processes contribute func-
tionally to the activity of LCC-10. Future studies should incorporate post-treatment tran-
scriptomic profiling, such as RNA-seq following LCC-10 exposure, to determine whether
MMP-associated, ECM-remodeling, inflammatory, or other candidate pathways are dynam-
ically altered by treatment. In addition, zebrafish leukemia xenograft models could provide
a complementary in vivo platform for examining whether LCC-10 affects leukemic-cell
migration and dissemination. Together with biochemical and target-engagement assays,
these approaches will help experimentally test the systems-level hypotheses generated in
the present study.

The integrated findings of the present study are summarized in the proposed systems-
level working model shown in Figure 8, which highlights an MMP-associated ECM regula-
tory network as a testable biological context potentially associated with the antileukemic
activity of LCC-10. Accordingly, the present study should be regarded as a systems-level,
hypothesis-generating investigation that establishes a foundation for subsequent biochemi-
cal, target-engagement, and functional validation.

CN

- LCC-10

NH

€ (oo (NSCTE5599)

Predicted structural compatibility
with the catalytic Zn**-binding pocket

‘IIIII

Zn?* containing

sequence Zn%**
Propetide —U Hinge W""N C

Hemopexin
Catalytic domain region domain ]

Matrix Metallproteinase (MMP) ' Representative MMP catalytic domains

T+ (MMP2/MMP3/MMP9/MMP12/MMP13)
\4
Potentially associated processes

ECM remodeling
Zn**-dependent proteolysis
Tissue invasion and intravasation
Leukemia microenvironment
Regulation of inflammation
Angiogenesis

Metastatic niche

Figure 8. Proposed systems-level working model for the biological context associated with the an-
tileukemic activity of LCC-10. Integrated pharmacogenomic, transcriptomic, systems-level network,
and structure-based analyses collectively prioritized an MMP-associated ECM regulatory network as a
testable working hypothesis. Structure-guided analyses support the predicted structural compatibility
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of LCC-10 with representative MMP catalytic domains, whereas transcriptomic and systems-level
analyses implicate coordinated ECM remodeling, extracellular proteolysis, inflammatory signaling,
and microenvironment-associated processes. The proposed model represents a hypothesis-generating
framework and does not imply experimentally confirmed MMP binding, enzymatic inhibition, or a
validated mechanism of action.

5. Conclusions

In conclusion, this study establishes an integrated pharmacogenomic and structure-
guided computational framework for investigating the biological context associated with
the antileukemic activity of LCC-10. By combining NCI-60 phenotypic profiling, pharma-
cogenomic response similarity analysis, transcriptomic profiling, similarity-based target
prediction, functional enrichment and systems-level network analysis, molecular dock-
ing, coarse-grained conformational flexibility assessment, comparative in silico ADMET
evaluation, and zebrafish embryo developmental toxicity testing, multiple complementary
analytical approaches collectively prioritized an MMP-associated ECM regulatory network
as a testable systems-level hypothesis associated with LCC-10 activity. Structure-based
analyses supported the predicted structural compatibility of LCC-10 with representative
MMP catalytic domains, whereas the zebrafish embryo studies provided a preliminary
assessment of developmental tolerability within the tested concentration range. Rather
than establishing a definitive molecular target or mechanism of action, the present find-
ings provide a hypothesis-generating framework linking LCC-10 to MMP-associated ECM
remodeling and leukemia microenvironment-related processes. These results provide a
rationale for prioritizing representative MMP family members for subsequent biochemical,
target-engagement, and functional validation and illustrate the utility of integrating phar-
macogenomics, systems biology, and structure-guided modeling for mechanism-oriented
anticancer drug discovery. Overall, this study provides a rational foundation for future
experimental validation of the molecular and functional determinants underlying the
antileukemic activity of LCC-10.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/cells15171610/s1, Figure S1: Complete NCI-60 pharmacologi-
cal response profiles of LCC-10 (NSC765599). Upper panels show the single-dose (10 uM) growth
inhibition profile across the NCI-60 Human Tumor Cell Line Screen. Lower panels present the
corresponding five-dose concentration-response profiles and derived pharmacological response
parameters (GI50, TGI, LC50, and IC50). The leukemia-associated results shown in Figure 1 were
derived from this complete screening dataset.; Table S1: Pharmacogenomic response similarity anal-
ysis of NSC765599 using DTP-COMPARE. Pearson’s correlation coefficient (r) and common cell
line count (CCLC) were used to quantify similarity between growth inhibition profiles across the
NCI-60 panel. Synthetic compounds and clinically used anticancer agents are listed for comparison.;
Table S2: Predicted protein targets of LCC-10 (NSC765599) identified using SwissTargetPrediction.
Predicted protein targets are grouped according to functional class, including proteases, receptor
tyrosine kinases, serine/threonine kinases, enzymes, and secreted proteins. UniProt and ChEMBL
identifiers are provided to facilitate target annotation and downstream structure-guided computa-
tional analyses.; Table S3: Docking setup, re-docking validation, AutoDock Vina docking scores, and
representative ligand—protein interactions of LCC-10 (NSC765599) and reference MMP inhibitors
across five representative MMP isoforms. Part A summarizes the receptor structures, docking-grid
parameters, AutoDock Vina exhaustiveness setting, and re-docking RMSD values. Part B reports
the predicted Vina docking scores and representative interactions identified from the top-ranked
docking poses. Docking scores are computational predictions and should not be interpreted as exper-
imental binding affinities, biochemical inhibition constants, or direct target engagement.; Table S4:
Comprehensive in silico physicochemical, pharmacokinetic, medicinal chemistry, and toxicity-related
(ADMET) prediction profiles of LCC-10 and representative matrix metalloproteinase inhibitors. Pre-
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dictions were generated using SwissADME, ADMETLab 3.0, and pkCSM. Binary outputs (Yes/No)
indicate model-based classifications, whereas numerical values represent predicted physicochemical
parameters, probabilities, or risk scores.

Author Contributions: Conception and design: H.-S.H., A TH.W. and G.H. Development of method-
ology: H.-S.H., T.B.A. and H.-L.H. Acquisition of data: Y.-T.W.,, LW., Y.-CK., H--L.H. and R.-S.S.
Analysis and interpretation of data: M.R.S., S.-L.H., S.-Y.L., S.-L.T., L-C.Y., H.-].W. and B.L. Drafting of
the manuscript: H.-S.H., T.B.A. and A.T.H.W. Critical revision of the manuscript: T.B.A. and H.-S.H.
All authors have read and agreed to the published version of the manuscript.

Funding: This research was supported by Taipei Medical University (112TMU-WFH-06, DP2-TMU-
113-0-06, SKH-TMU-113-02, SKH-TMU-114-04, 114_T&N_07 and A-112-071). ATH Wu was sup-
ported by the Taiwanese National Science and Technology Council (NSTC114-2320-B-038-018-MY3
and 115-2314-B-038-019-). YT Wen was supported by research grants from Taipei Medical University
(111-wf-f-9) and National Science and Technology Council (NSTC115-2635-B-038-002-).

Data Availability Statement: The datasets used and analyzed during the current study are available
from the corresponding author upon reasonable request.

Acknowledgments: The authors thank the Laboratory Animal Center and the Core Laboratory
of Zebrafish at Taipei Medical University for technical assistance and support in zebrafish-related
experiments. We also thank the members of our laboratory for their valuable discussions and
technical contributions.

Conflicts of Interest: The authors declared no conflicts of interest.

References

1. Bispo, J.A.B.; Pinheiro, P.S.; Kobetz, E.K. Epidemiology and Etiology of Leukemia and Lymphoma. Cold Spring Harb. Perspect.
Med. 2020, 10, a034819. [CrossRef] [PubMed]

2. Silva, S.L.R; Barbosa, G.; Rios, J.V.B.; Bezerra, D.P. Leukemic stem cells as drivers of therapeutic resistance in acute myeloid
leukemia. Biomed. Pharmacother. 2026, 198, 119295. [CrossRef] [PubMed]

3. Simioni, C.; Neri, L.M. Cytokines, Signaling and Epigenetic Mechanisms: Shaping the Acute Lymphoblastic Leukemia Microenvi-
ronment. Cells 2026, 15, 467. [CrossRef] [PubMed]

4. Zhu, Y; Liu, J; Qiu, E; You, Z; Liu, Z.; Zeng, J.; Zhong, ].; Song, Z.; Zhang, S.; Lu, J.; et al. The tumor microenvironment in
leukemia: Molecular pathways of immune evasion. Front. Immunol. 2026, 17, 1743920. [CrossRef] [PubMed]

5. Atanasov, A.G.; Zotchev, S.B.; Dirsch, V.M.; The International Natural Product Sciences Taskforce; Supuran, C.T. Natural products
in drug discovery: Advances and opportunities. Nat. Rev. Drug Discov. 2021, 20, 200-216. [CrossRef] [PubMed]

6. Ma,L,; Chen,]; Wang, X,; Liang, X.; Luo, Y.; Zhu, W.; Wang, T.; Peng, M.; Li, S,; Jie, S.; et al. Structural modification of honokiol,
a biphenyl occurring in Magnolia officinalis: The evaluation of honokiol analogues as inhibitors of angiogenesis and for their
cytotoxicity and structure-activity relationship. J. Med. Chem. 2011, 54, 6469—-6481. [CrossRef] [PubMed]

7. Ong, C.P; Lee, WL.; Tang, Y.Q.; Yap, W.H. Honokiol: A Review of Its Anticancer Potential and Mechanisms. Cancers 2019, 12, 48.
[CrossRef] [PubMed]

8. Rauf, A,; Olatunde, A.; Imran, M.; Alhumaydhi, FA.; Aljohani, A.S.M.; Khan, S.A.; Uddin, M.S.; Mitra, S.; Emran, T.B.; Khayrullin,
M.; et al. Honokiol: A review of its pharmacological potential and therapeutic insights. Phytomedicine 2021, 90, 153647. [CrossRef]
[PubMed]

9. Wang, Z.; Ren, J.; Du, ].; Wang, H.; Liu, J.; Wang, G. Niclosamide as a Promising Therapeutic Player in Human Cancer and Other
Diseases. Int. J. Mol. Sci. 2022, 23, 16116. [CrossRef] [PubMed]

10. Gandi, M.O.; Franca, R.R.E; Castelo-Branco, ES.; Boechat, N. Biphenyl as a Privileged Structure in Medicinal Chemistry: Advances
in Anti-Infective Drug Discovery. Molecules 2026, 31, 1109. [CrossRef] [PubMed]

11.  Aledavood, E.; Born, J.; Gil, C. From fragments to drugs: How Al and in silico methods accelerate fragment-to-lead optimization.
Eur. J. Med. Chem. 2026, 316, 118997. [CrossRef] [PubMed]

12. Lee, C.-C; Liu, E-L.; Chen, C.-L.; Chen, T.-C.; Chang, D.-M.; Huang, H.-S. Discovery of 5-(2' 4/ -difluorophenyl)-salicylanilides as
new inhibitors of receptor activator of NF-«B ligand (RANKL)-induced osteoclastogenesis. Eur. J. Med. Chem. 2015, 98, 115-126.
[CrossRef] [PubMed]

13. Swinney, D.C,; Lee, J.A. Recent advances in phenotypic drug discovery. F1000Research 2020, 9, F1000. [CrossRef] [PubMed]

14. Workman, P. The NCI-60 Human Tumor Cell Line Screen: A Catalyst for Progressive Evolution of Models for Discovery and

Development of Cancer Drugs. Cancer Res. 2023, 83, 3170-3173. [CrossRef] [PubMed]

https://doi.org/10.3390/cells15171610


https://doi.org/10.1101/cshperspect.a034819
https://www.ncbi.nlm.nih.gov/pubmed/31727680
https://doi.org/10.1016/j.biopha.2026.119295
https://www.ncbi.nlm.nih.gov/pubmed/41922112
https://doi.org/10.3390/cells15050467
https://www.ncbi.nlm.nih.gov/pubmed/41827900
https://doi.org/10.3389/fimmu.2026.1743920
https://www.ncbi.nlm.nih.gov/pubmed/41727472
https://doi.org/10.1038/s41573-020-00114-z
https://www.ncbi.nlm.nih.gov/pubmed/33510482
https://doi.org/10.1021/jm200830u
https://www.ncbi.nlm.nih.gov/pubmed/21853991
https://doi.org/10.3390/cancers12010048
https://www.ncbi.nlm.nih.gov/pubmed/31877856
https://doi.org/10.1016/j.phymed.2021.153647
https://www.ncbi.nlm.nih.gov/pubmed/34362632
https://doi.org/10.3390/ijms232416116
https://www.ncbi.nlm.nih.gov/pubmed/36555754
https://doi.org/10.3390/molecules31071109
https://www.ncbi.nlm.nih.gov/pubmed/41976152
https://doi.org/10.1016/j.ejmech.2026.118997
https://www.ncbi.nlm.nih.gov/pubmed/42224933
https://doi.org/10.1016/j.ejmech.2015.05.015
https://www.ncbi.nlm.nih.gov/pubmed/26005025
https://doi.org/10.12688/f1000research.25813.1
https://www.ncbi.nlm.nih.gov/pubmed/32850117
https://doi.org/10.1158/0008-5472.CAN-23-2612
https://www.ncbi.nlm.nih.gov/pubmed/37779429
https://doi.org/10.3390/cells15171610

Cells 2026, 15, 1610 23 of 25

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

Ru, X;; Xu, L.; Han, W.; Zou, Q. In silico methods for drug-target interaction prediction. Cell Rep. Methods 2025, 5, 101184.
[CrossRef] [PubMed]

Colombo, G.M.; Corsello, S.M. Modernizing the NCI60 Cell Line Screen for Phenotypic Drug Discovery in the 21st Century.
Cancer Res. 2024, 84, 2397-2399. [CrossRef] [PubMed]

Rider, A.; Grantham, H.J.; Smith, G.R.; Watson, D.S.; Casement, J.; Cockell, S.J.; Gisby, J.; Foulkes, A.C.; Henkin, R.; Igbal,
W.A; et al. Transcriptomic profiling and machine learning uncover gene signatures of psoriasis endotypes and disease severity.
Commun. Med. 2026, 6, 65. [CrossRef] [PubMed]

Abdulhakeem Mansour Alhasbary, A.; Hashimah Ahamed Hassain Malim, N.; Zuraidah Mohamad Zobir, S. Exploring natural
products potential: A similarity-based target prediction tool for natural products. Comput. Biol. Med. 2025, 184, 109351. [CrossRef]
[PubMed]

Yan, R.; Islam, M.T.; Xing, L. Deep representation learning of protein-protein interaction networks for enhanced pattern discovery.
Sci. Adv. 2024, 10, eadq4324. [CrossRef] [PubMed]

Wijesooriya, K.; Jadaan, S.A.; Perera, K.L.; Kaur, T.; Ziemann, M. Urgent need for consistent standards in functional enrichment
analysis. PLoS Comput. Biol. 2022, 18, €1009935. [CrossRef] [PubMed]

Shanshin, D.V,; Borisevich, S.S.; Bondar, A.A.; Porozov, Y.B.; Rukhlova, E.A.; Protopopova, E.V.; Ushkalenko, N.D.; Loktev, V.B,;
Chapoval, A.L; Ilyichev, A.A_; et al. Can Modern Molecular Modeling Methods Help Find the Area of Potential Vulnerability of
Flaviviruses? Int. |. Mol. Sci. 2022, 23, 7721. [CrossRef] [PubMed]

Bello, A.S.; Uzairu, A.; Shallangwa, G.A.; Ibrahim, A.; Khan, M.; Ibrahim, M.T. QSAR, molecular docking, molecular dynamics
and DFT-based design of novel Quinoline-2-yl (piperazin-1-yl) inhibitors of hepatitis C virus. NAM J. 2025, 1, 100037. [CrossRef]
[PubMed]

Pooten, E.E.; Cruz, K.GJ.; Abella, E.A.; Laserna, A.K.C.; Islam, A.BM.M.K,; Watanabe, K. Anticancer potential of Dendrocnide-
meyeniana through phytochemical profiling, ADMET analysis, molecular docking, and in silico cytotoxicity evaluation. Sci. Rep.
2025, 16, 2704. [CrossRef] [PubMed]

van den Oetelaar, D.; Tobor-Kaplon, M.A.; Reijnaers, M.; Beekhuijzen, M. Zebrafish Embryo Developmental Toxicity Assay
(ZEDTA) for Regulatory Testing—Protocol Optimization and Historical Control Data. Toxics 2025, 13, 874. [CrossRef] [PubMed]
Cabral-Pacheco, G.A.; Garza-Veloz, I; Castruita-De la Rosa, C.; Ramirez-Acuna, ].M.; Perez-Romero, B.A.; Guerrero-Rodriguez,
J.F.; Martinez-Avila, N.; Martinez-Fierro, M.L. The Roles of Matrix Metalloproteinases and Their Inhibitors in Human Diseases.
Int. J. Mol. Sci. 2020, 21,9739. [CrossRef] [PubMed]

Shoemaker, R.H. The NCI60 human tumour cell line anticancer drug screen. Nat. Rev. Cancer 2006, 6, 813-823. [CrossRef]
[PubMed]

Chabner, B.A. NCI-60 Cell Line Screening: A Radical Departure in its Time. J. Natl. Cancer Inst. 2016, 108, djv388. [CrossRef]
[PubMed]

Pan, S.; Liu, Z.; Han, Y,; Zhang, D.; Zhao, X.; Li, J.; Wang, K. Using the Pearson’s correlation coefficient as the sole metric to
measure the accuracy of quantitative trait prediction: Is it sufficient? Front. Plant Sci. 2024, 15, 1480463. [CrossRef] [PubMed]
Tlemsani, C.; Pongor, L.; Elloumi, F; Girard, L.; Huffman, K.E.; Roper, N.; Varma, S.; Luna, A.; Rajapakse, V.N.; Sebastian, R ; et al.
SCLC-CellMiner: A Resource for Small Cell Lung Cancer Cell Line Genomics and Pharmacology Based on Genomic Signatures.
Cell Rep. 2020, 33, 108296. [CrossRef] [PubMed]

Weinstein, ].N.; Pommier, Y. Transcriptomic analysis of the NCI-60 cancer cell lines. Comptes Rendus Biol. 2003, 326, 909-920.
[CrossRef] [PubMed]

Wang, S.; Gribskov, M.; Hazbun, T.R.; Pascuzzi, P.E. CellMiner Companion: An interactive web application to explore CellMiner
NCI-60 data. Bioinformatics 2016, 32, 2399-2401. [CrossRef] [PubMed]

Daina, A.; Michielin, O.; Zoete, V. SwissTargetPrediction: Updated data and new features for efficient prediction of protein targets
of small molecules. Nucleic Acids Res. 2019, 47, W357-W364. [CrossRef] [PubMed]

Zdrazil, B.; Felix, E.; Hunter, F; Manners, E.J.; Blackshaw, J.; Corbett, S.; de Veij, M.; Ioannidis, H.; Lopez, D.M.; Mosquera, J.E,;
et al. The ChEMBL Database in 2023: A drug discovery platform spanning multiple bioactivity data types and time periods.
Nucleic Acids Res. 2024, 52, D1180-D1192. [CrossRef] [PubMed]

Grassmann, G.; Miotto, M.; Desantis, F; Di Rienzo, L.; Tartaglia, G.G.; Pastore, A.; Ruocco, G.; Monti, M.; Milanetti, E.
Computational Approaches to Predict Protein—Protein Interactions in Crowded Cellular Environments. Chem. Rev. 2024, 124,
3932-3977. [CrossRef] [PubMed]

Soleymani, F.; Paquet, E.; Viktor, H.; Michalowski, W.; Spinello, D. Protein—protein interaction prediction with deep learning: A
comprehensive review. Comput. Struct. Biotechnol. J. 2022, 20, 5316-5341. [CrossRef] [PubMed]

Simha, N.A; Patil, 5.M.; Chagalamari, A.; Satish, A.M.; Ramu, R. Protocol to identify multiple protein targets and therapeutic
compounds using an in silico polypharmacological approach. STAR Protoc. 2023, 4, 102440. [CrossRef] [PubMed]

Muley, V.Y. Functional Insights Through Gene Ontology, Disease Ontology, and KEGG Pathway Enrichment. Methods Mol. Biol.
2025, 2927, 75-98. [CrossRef] [PubMed]

https://doi.org/10.3390/cells15171610


https://doi.org/10.1016/j.crmeth.2025.101184
https://www.ncbi.nlm.nih.gov/pubmed/40997795
https://doi.org/10.1158/0008-5472.CAN-24-1506
https://www.ncbi.nlm.nih.gov/pubmed/39086314
https://doi.org/10.1038/s43856-025-01325-4
https://www.ncbi.nlm.nih.gov/pubmed/41565778
https://doi.org/10.1016/j.compbiomed.2024.109351
https://www.ncbi.nlm.nih.gov/pubmed/39536385
https://doi.org/10.1126/sciadv.adq4324
https://www.ncbi.nlm.nih.gov/pubmed/39693438
https://doi.org/10.1371/journal.pcbi.1009935
https://www.ncbi.nlm.nih.gov/pubmed/35263338
https://doi.org/10.3390/ijms23147721
https://www.ncbi.nlm.nih.gov/pubmed/35887069
https://doi.org/10.1016/j.namjnl.2025.100037
https://www.ncbi.nlm.nih.gov/pubmed/42369418
https://doi.org/10.1038/s41598-025-32457-1
https://www.ncbi.nlm.nih.gov/pubmed/41455835
https://doi.org/10.3390/toxics13100874
https://www.ncbi.nlm.nih.gov/pubmed/41150574
https://doi.org/10.3390/ijms21249739
https://www.ncbi.nlm.nih.gov/pubmed/33419373
https://doi.org/10.1038/nrc1951
https://www.ncbi.nlm.nih.gov/pubmed/16990858
https://doi.org/10.1093/jnci/djv388
https://www.ncbi.nlm.nih.gov/pubmed/26755050
https://doi.org/10.3389/fpls.2024.1480463
https://www.ncbi.nlm.nih.gov/pubmed/39719937
https://doi.org/10.1016/j.celrep.2020.108296
https://www.ncbi.nlm.nih.gov/pubmed/33086069
https://doi.org/10.1016/j.crvi.2003.08.005
https://www.ncbi.nlm.nih.gov/pubmed/14744097
https://doi.org/10.1093/bioinformatics/btw162
https://www.ncbi.nlm.nih.gov/pubmed/27153600
https://doi.org/10.1093/nar/gkz382
https://www.ncbi.nlm.nih.gov/pubmed/31106366
https://doi.org/10.1093/nar/gkad1004
https://www.ncbi.nlm.nih.gov/pubmed/37933841
https://doi.org/10.1021/acs.chemrev.3c00550
https://www.ncbi.nlm.nih.gov/pubmed/38535831
https://doi.org/10.1016/j.csbj.2022.08.070
https://www.ncbi.nlm.nih.gov/pubmed/36212542
https://doi.org/10.1016/j.xpro.2023.102440
https://www.ncbi.nlm.nih.gov/pubmed/37561634
https://doi.org/10.1007/978-1-0716-4546-8_4
https://www.ncbi.nlm.nih.gov/pubmed/40455152
https://doi.org/10.3390/cells15171610

Cells 2026, 15, 1610 24 of 25

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

Ferreira, ].A. The Benjamini-Hochberg method in the case of discrete test statistics. Int. J. Biostat. 2007, 3, 11. [CrossRef] [PubMed]
Baker, S.; Ali, I; Silins, I.; Pyysalo, S.; Guo, Y.; Hogberg, J.; Stenius, U.; Korhonen, A. Cancer Hallmarks Analytics Tool (CHAT):
A text mining approach to organize and evaluate scientific literature on cancer. Bioinformatics 2017, 33, 3973-3981. [CrossRef]
[PubMed]

Gimeno, A.; Cuffaro, D.; Nuti, E.; Ojeda-Montes, M.].; Beltran-Debon, R.; Mulero, M.; Rossello, A.; Pujadas, G.; Garcia-Vallve, S.
Identification of Broad-Spectrum MMP Inhibitors by Virtual Screening. Molecules 2021, 26, 4553. [CrossRef] [PubMed]

Burley, S.K.; Berman, H.M.; Duarte, ] M.; Feng, Z.; Flatt, ] W.; Hudson, B.P.; Lowe, R.; Peisach, E.; Piehl, D.W.; Rose, Y.; et al.
Protein Data Bank: A Comprehensive Review of 3D Structure Holdings and Worldwide Utilization by Researchers, Educators,
and Students. Biomolecules 2022, 12, 1425. [CrossRef] [PubMed]

Trott, O.; Olson, A.J. AutoDock Vina: Improving the speed and accuracy of docking with a new scoring function, efficient
optimization, and multithreading. J. Comput. Chem. 2010, 31, 455-461. [CrossRef] [PubMed]

Mathpal, S.; Sharma, P.; Joshi, T.; Pande, V.; Mahmud, S.; Jeong, M.K.; Obaidullah, A.J.; Chandra, S.; Kim, B. Identification of
Zinc-Binding Inhibitors of Matrix Metalloproteinase-9 to Prevent Cancer Through Deep Learning and Molecular Dynamics
Simulation Approach. Front. Mol. Biosci. 2022, 9, 857430. [CrossRef] [PubMed]

Seeliger, D.; de Groot, B.L. Ligand docking and binding site analysis with PyMOL and Autodock/Vina. J. Comput. Aided Mol. Des.
2010, 24, 417-422. [CrossRef] [PubMed]

Nithin, C.; Fornari, R.P; Pilla, S.P.; Wroblewski, K.; Zalewski, M.; Madaj, R.; Kolinski, A.; Macnar, ].M.; Kmiecik, S. Exploring
protein functions from structural flexibility using CABS-flex modeling. Protein Sci. 2024, 33, e5090. [CrossRef] [PubMed]
Wroblewski, K.; Zalewski, M.; Kuriata, A.; Kmiecik, S. CABS-flex 3.0: An online tool for simulating protein structural flexibility
and peptide modeling. Nucleic Acids Res. 2025, 53, W95-W101. [CrossRef] [PubMed]

Wroblewski, K.; Kmiecik, S. Integrating AlphaFold pLDDT Scores into CABS-flex for enhanced protein flexibility simulations.
Comput. Struct. Biotechnol. ]. 2024, 23, 4350-4356. [CrossRef] [PubMed]

Daina, A.; Michielin, O.; Zoete, V. SwissADME: A free web tool to evaluate pharmacokinetics, drug-likeness and medicinal
chemistry friendliness of small molecules. Sci. Rep. 2017, 7, 42717. [CrossRef] [PubMed]

Ertl, P; Rohde, B.; Selzer, P. Fast calculation of molecular polar surface area as a sum of fragment-based contributions and its
application to the prediction of drug transport properties. J. Med. Chem. 2000, 43, 3714-3717. [CrossRef] [PubMed]

Sager, J.E.; Yu, ].; Ragueneau-Majlessi, I.; Isoherranen, N. Physiologically Based Pharmacokinetic (PBPK) Modeling and Simulation
Approaches: A Systematic Review of Published Models, Applications, and Model Verification. Drug Metab. Dispos. 2015, 43,
1823-1837. [CrossRef] [PubMed]

Li, B.; Wang, Z.; Liu, Z.; Tao, Y.; Sha, C.; He, M,; Li, X. DrugMetric: Quantitative drug-likeness scoring based on chemical space
distance. Brief. Bioinform. 2024, 25, bbae321. [CrossRef] [PubMed]

Zhang, J.; Li, H.; Zhang, Y.; Huang, ]J.; Ren, L.; Zhang, C.; Zou, Q.; Zhang, Y. Computational toxicology in drug discovery:
Applications of artificial intelligence in ADMET and toxicity prediction. Brief. Bioinform. 2025, 26, bbaf533. [CrossRef] [PubMed]
Bloehdorn, J.; Braun, A.; Taylor-Weiner, A.; Jebaraj, B.M.C.; Robrecht, S.; Krzykalla, J.; Pan, H.; Giza, A.; Akylzhanova, G.;
Holzmann, K,; et al. Multi-platform profiling characterizes molecular subgroups and resistance networks in chronic lymphocytic
leukemia. Nat. Commun. 2021, 12, 5395. [CrossRef] [PubMed]

Kim, B.J.; Hong, E.P.; Youn, D.H.; Jeon, J.P.; on Behalf of the First Korean Stroke Genetics Association Research. Genome-Wide
Association Study of the Relationship Between Matrix Metalloproteinases and Intracranial Aneurysms. J. Clin. Neurol. 2022, 18,
163-170. [CrossRef] [PubMed]

Shankavaram, U.T.; Varma, S.; Kane, D.; Sunshine, M.; Chary, K.K.; Reinhold, W.C.; Pommier, Y.; Weinstein, J].N. CellMiner: A
relational database and query tool for the NCI-60 cancer cell lines. BMC Genom. 2009, 10, 277. [CrossRef] [PubMed]

Elloumi, F,; Reinhold, W.C.; Varma, S.; Wang, Y.; Kinali, M.; Arakawa, Y.; Inoue, Y.; Aladjem, M.I,; Pommier, Y.; Luna, A. CellMiner
cross-database (CellMinerCDB) version 2.2 for explorations of patient-derived cancer cell line pharmacogenomics. Nucleic Acids
Res. 2026, 54, D1345-D1354. [CrossRef] [PubMed]

Peerapen, P.; Thongboonkerd, V. Protein network analysis and functional enrichment via computational biotechnology unravel
molecular and pathogenic mechanisms of kidney stone disease. Biomed. J. 2023, 46, 100577. [CrossRef] [PubMed]

Thomas, P.D. The Gene Ontology and the Meaning of Biological Function. Methods Mol. Biol. 2017, 1446, 15-24. [CrossRef]
[PubMed]

Zhang, X.; Li, B.; Lan, T.; Chiari, C.; Ye, X.; Wang, K.; Chen, J. The role of interleukin-17 in inflammation-related cancers. Front.
Immunol. 2024, 15, 1479505. [CrossRef] [PubMed]

Gong, Y.; Chippada-Venkata, U.D.; Oh, WK. Roles of matrix metalloproteinases and their natural inhibitors in prostate cancer
progression. Cancers 2014, 6, 1298-1327. [CrossRef] [PubMed]

Li, K,; Li, D.; Hafez, B.; Bekhit, M.M.S,; Jardan, Y.A.B.; Alanazi, FK; Taha, E.I,; Auda, S.H.; Ramzan, F,; Jamil, M. Identifying and
validating MMP family members (MMP2, MMP9, MMP12, and MMP16) as therapeutic targets and biomarkers in kidney renal
clear cell carcinoma (KIRC). Oncol. Res. 2024, 32, 737-752. [CrossRef] [PubMed]

https://doi.org/10.3390/cells15171610


https://doi.org/10.2202/1557-4679.1065
https://www.ncbi.nlm.nih.gov/pubmed/22550651
https://doi.org/10.1093/bioinformatics/btx454
https://www.ncbi.nlm.nih.gov/pubmed/29036271
https://doi.org/10.3390/molecules26154553
https://www.ncbi.nlm.nih.gov/pubmed/34361703
https://doi.org/10.3390/biom12101425
https://www.ncbi.nlm.nih.gov/pubmed/36291635
https://doi.org/10.1002/jcc.21334
https://www.ncbi.nlm.nih.gov/pubmed/19499576
https://doi.org/10.3389/fmolb.2022.857430
https://www.ncbi.nlm.nih.gov/pubmed/35463960
https://doi.org/10.1007/s10822-010-9352-6
https://www.ncbi.nlm.nih.gov/pubmed/20401516
https://doi.org/10.1002/pro.5090
https://www.ncbi.nlm.nih.gov/pubmed/39194135
https://doi.org/10.1093/nar/gkaf412
https://www.ncbi.nlm.nih.gov/pubmed/40366023
https://doi.org/10.1016/j.csbj.2024.11.047
https://www.ncbi.nlm.nih.gov/pubmed/39697677
https://doi.org/10.1038/srep42717
https://www.ncbi.nlm.nih.gov/pubmed/28256516
https://doi.org/10.1021/jm000942e
https://www.ncbi.nlm.nih.gov/pubmed/11020286
https://doi.org/10.1124/dmd.115.065920
https://www.ncbi.nlm.nih.gov/pubmed/26296709
https://doi.org/10.1093/bib/bbae321
https://www.ncbi.nlm.nih.gov/pubmed/38975893
https://doi.org/10.1093/bib/bbaf533
https://www.ncbi.nlm.nih.gov/pubmed/41052279
https://doi.org/10.1038/s41467-021-25403-y
https://www.ncbi.nlm.nih.gov/pubmed/34518531
https://doi.org/10.3988/jcn.2022.18.2.163
https://www.ncbi.nlm.nih.gov/pubmed/35196751
https://doi.org/10.1186/1471-2164-10-277
https://www.ncbi.nlm.nih.gov/pubmed/19549304
https://doi.org/10.1093/nar/gkaf1230
https://www.ncbi.nlm.nih.gov/pubmed/41312628
https://doi.org/10.1016/j.bj.2023.01.001
https://www.ncbi.nlm.nih.gov/pubmed/36642221
https://doi.org/10.1007/978-1-4939-3743-1_2
https://www.ncbi.nlm.nih.gov/pubmed/27812932
https://doi.org/10.3389/fimmu.2024.1479505
https://www.ncbi.nlm.nih.gov/pubmed/39906741
https://doi.org/10.3390/cancers6031298
https://www.ncbi.nlm.nih.gov/pubmed/24978435
https://doi.org/10.32604/or.2023.042925
https://www.ncbi.nlm.nih.gov/pubmed/38560573
https://doi.org/10.3390/cells15171610

Cells 2026, 15, 1610 25 of 25

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

Klaeger, S.; Heinzlmeir, S.; Wilhelm, M.; Polzer, H.; Vick, B.; Koenig, P.A.; Reinecke, M.; Ruprecht, B.; Petzoldt, S.; Meng, C.; et al.
The target landscape of clinical kinase drugs. Science 2017, 358, eaan4368. [CrossRef] [PubMed]

Bajpai, A.K.; Davuluri, S.; Tiwary, K.; Narayanan, S.; Oguru, S.; Basavaraju, K.; Dayalan, D.; Thirumurugan, K.; Acharya, K.K.
Systematic comparison of the protein-protein interaction databases from a user’s perspective. |. Biomed. Inform. 2020, 103, 103380.
[CrossRef] [PubMed]

Brew, K.; Nagase, H. The tissue inhibitors of metalloproteinases (TIMPs): An ancient family with structural and functional
diversity. Biochim. Biophys. Acta Mol. Cell Res. 2010, 1803, 55-71. [CrossRef] [PubMed]

Chen, Y.; Zhou, R.; Zhao, T.; Xiang, D.; Gong, X. The ADAM Family of Proteases: Structure, Substrates, and Roles in Liver
Diseases. Int. J. Mol. Sci. 2026, 27, 1626. [CrossRef] [PubMed]

Du, L.-D.; Fang, C.; Wang, Y.-Q.; Feng, Z.-Y.; Abiola, O.F,; Gao, Z.-L.; Huang, ].-Y.; Ma, Y.-Z. MMP-9 inhibitor SB-3CT improves
neurological outcomes in ischemic stroke mice by modulation of astrocytic lipid metabolism. Acta Pharmacol. Sin. 2025, 46,
2120-2135. [CrossRef] [PubMed]

Lipinski, C.A. Lead- and drug-like compounds: The rule-of-five revolution. Drug Discov. Today Technol. 2004, 1, 337-341.
[CrossRef] [PubMed]

Falcon-Cano, G.; Morales-Helguera, A.; Lambert, H.; Cabrera-Perez, M.A.; Molina, C. hERG toxicity prediction in early drug
discovery using extreme gradient boosting and isometric stratified ensemble mapping. Sci. Rep. 2025, 15, 15585. [CrossRef]
[PubMed]

Choi, ].Y.; Chung, E. Molecular Dynamics Simulations of Matrix Metalloproteinase 13 and the Analysis of the Specificity Loop
and the S1’/—Site. Int. ]. Mol. Sci. 2023, 24, 10577. [CrossRef] [PubMed]

Abid, N.; Pietrucci, D.; Salemi, M.; Chillemi, G. New Insights into the Effect of Residue Mutations on the Rotavirus VP1 Function
Using Molecular Dynamic Simulations. J. Chem. Inf. Model. 2020, 60, 5011-5025. [CrossRef] [PubMed]

Baidya, S.K.; Banerjee, S.; Adhikari, N.; Jha, T. Selective Inhibitors of Medium-Size S1’ Pocket Matrix Metalloproteinases: A
Stepping Stone of Future Drug Discovery. |. Med. Chem. 2022, 65, 10709-10754. [CrossRef] [PubMed]

He, L.; Kang, Q.; Chan, K.I; Zhang, Y.; Zhong, Z.; Tan, W. The immunomodulatory role of matrix metalloproteinases in
colitis-associated cancer. Front. Immunol. 2023, 13, 1093990. [CrossRef] [PubMed]

Mendez-Ferrer, S.; Bonnet, D.; Steensma, D.P.; Hasserjian, R.P.; Ghobrial, . M.; Gribben, ].G.; Andreeff, M.; Krause, D.S. Bone
marrow niches in haematological malignancies. Nat. Rev. Cancer 2020, 20, 285-298. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/cells15171610


https://doi.org/10.1126/science.aan4368
https://www.ncbi.nlm.nih.gov/pubmed/29191878
https://doi.org/10.1016/j.jbi.2020.103380
https://www.ncbi.nlm.nih.gov/pubmed/32001390
https://doi.org/10.1016/j.bbamcr.2010.01.003
https://www.ncbi.nlm.nih.gov/pubmed/20080133
https://doi.org/10.3390/ijms27041626
https://www.ncbi.nlm.nih.gov/pubmed/41751763
https://doi.org/10.1038/s41401-025-01505-x
https://www.ncbi.nlm.nih.gov/pubmed/40069489
https://doi.org/10.1016/j.ddtec.2004.11.007
https://www.ncbi.nlm.nih.gov/pubmed/24981612
https://doi.org/10.1038/s41598-025-99766-3
https://www.ncbi.nlm.nih.gov/pubmed/40320464
https://doi.org/10.3390/ijms241310577
https://www.ncbi.nlm.nih.gov/pubmed/37445757
https://doi.org/10.1021/acs.jcim.0c00475
https://www.ncbi.nlm.nih.gov/pubmed/32786703
https://doi.org/10.1021/acs.jmedchem.1c01855
https://www.ncbi.nlm.nih.gov/pubmed/35969157
https://doi.org/10.3389/fimmu.2022.1093990
https://www.ncbi.nlm.nih.gov/pubmed/36776395
https://doi.org/10.1038/s41568-020-0245-2
https://www.ncbi.nlm.nih.gov/pubmed/32112045
https://doi.org/10.3390/cells15171610

	Introduction 
	Materials and Methods 
	Compounds and Reagents 
	NCI-60 Drug-Response Profiling 
	Pharmacological Response Similarity Analysis Using DTP-COMPARE 
	Baseline Transcriptomic Profiling of Leukemia-Associated Cell Lines 
	Similarity-Based Target Prediction Using SwissTargetPrediction 
	PPI Network and Functional Enrichment Analyses 
	Structure-Based Molecular Docking and Conformational Flexibility Analyses 
	Physicochemical and In Silico ADMET Analyses 
	Zebrafish Embryo Developmental Toxicity Assay 
	Statistical Analysis 

	Results 
	NSC765599 Exhibits Potent Antiproliferative Activity in Leukemia-Associated Cell Lines 
	DTP-COMPARE Analysis Identifies a Distinct Pharmacological Response Signature of NSC765599 
	Integrated Transcriptomic and Functional Enrichment Analyses Highlight an MMP-Associated ECM Regulatory Context 
	Similarity-Based Target Prediction Identifies Multiple Candidate Target Classes for LCC-10 
	Systems-Level Network Analyses Support an MMP-Associated ECM Regulatory Network 
	Structure-Based Analyses Support Structural Compatibility of LCC-10 with Representative MMP Catalytic Domains 
	Comparative Physicochemical and In Silico Developability Assessment of LCC-10 
	CABS-Flex Analyses Support Comparable Conformational Flexibility of Representative MMP Structural Models 
	Zebrafish Embryo Developmental Toxicity Assessment of LCC-10 

	Discussion 
	Conclusions 
	References

