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Abstract

KRAS remains one of oncology’s key targets, yet clinically proven inhibition is still constrained by mutant-
specific biology, limited pocket depth, and common routes to resistance. This work describes a
reproducible, open-source computational workflow meant to sort and prioritize KRAS G12C candidate
molecules before anyone commits to synthesis or wet-lab testing. The pipeline ties together the ChEMBL
bioactivity collection, RDKit curation, Morgan fingerprints with physicochemical descriptors, random-
forest QSAR, BRICS analog creation, medicinal-chemistry filters, AutoDock Vina docking, and a final
consensus ranking step. Model building relied on 400 curated KRAS IC5; entries spanning 132 Murcko
scaffolds. When evaluation was performed with a scaffold split, performance was R? = 0.512, RMSE =
0.514, and MAE = 0.381 in pICs, units, which supports rank-ordering use cases but not precise potency
calls. BRICS recombination produced 400 analogs. After structural checks and drug-likeness triage, 57
remained; the top 20 were then docked into the KRAS G12C switch-Il pocket. The highest consensus-
ranked compound, K1, had a predicted plICs, of 8.440, a Vina score of -8.737 kcal/mol, and a docked
geometry suggesting polar contacts with GLN61, ASP92, and THR58. Though experimental inhibition is
unclaimed, instead, the output is a transparent prioritization recipe, an auditable list of candidates, and
structure-based ideas to carry into biochemical and cellular follow-up.

1. Introduction

KRAS belongs to the RAS family of small GTPases. It acts as a molecular switch that helps govern
proliferation, differentiation, migration, and survival, toggling between an inactive GDP-bound state and
an active GTP-bound one'2. In normal physiology, that cycling is regulated by guanine nucleotide
exchange factors, which drive GTP loading, and by GTPase-activating proteins, which speed up GTP

hydrolysis and return KRAS to the inactive form®. Mutations that weaken intrinsic hydrolysis or disrupt
GAP-mediated hydrolysis can trap KRAS in an on-state, keeping signaling flowing through pathways such

as RAF-MEK-ERK and PI3K-AKT-mTOR3"®, thereby supporting oncogenic transformation. KRAS
mutations are frequent in pancreatic ductal adenocarcinoma, colorectal adenocarcinoma, and non-
small-cell lung cancer, so KRAS remains one of the most clinically significant oncogenes in precision
oncology 2*8. For years, it was treated as difficult to drug. The reasons are familiar: very tight GDP/GTP
binding, a protein surface that often appears smooth and uninviting, and flexible conformations that

complicate ligand design %372, The identification of a cryptic switch-ll pocket in KRAS G12C shifted that
outlook and opened the door to covalent inhibitors that trap the mutant in its inactive GDP-bound

conformation®°. Clinical approvals of sotorasib and adagrasib have confirmed KRAS G12C as a tractable
target 1017,

The clinical validation of KRAS G12C has been driven by the development of covalent inhibitors that
selectively target the mutant cysteine residue within the switch-Il pocket. Sotorasib (AMG 510), the first
FDA-approved KRAS G12C inhibitor, demonstrated clinically meaningful activity in patients with KRAS

G12C-mutant non-small-cell lung cancer and established KRAS as a druggable therapeutic target'?.
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Adagrasib (MRTX849) subsequently showed durable antitumour activity and received regulatory
approval for selected KRAS G12C-driven malignancies. Several next-generation inhibitors, including
divarasib (GDC-6036), JDQ443, olomorasib (LY3537982), and D-1553, are currently under clinical
evaluation to improve potency, selectivity, and overcome acquired resistance. Representative KRAS
G12C inhibitors, together with their reported biochemical activities (ICy, values), development status, and
corresponding chemical structures, are summarised in Table 1 and Supporting Information Figure S1.

Table 1

Representative KRAS G12C inhibitors reported in the literature.

Inhibitor

Sotorasib
(AMG 510)

Adagrasib
(MRTX849)

Divarasib
(GDC-6036)

JDQ443

Olomorasib
(LY3537982)

D-1553

Developer

Amgen

Mirati
Therapeutics
(Bristol Myers
Squibb)

Genentech/Roche

Novartis

Eli Lilly

InventisBio

Reported
biochemical
ICs,*

47 nM

89 nM

Low
nanomolar

Low
nanomolar

Low
nanomolar

Low
nanomolar

Binding
mechanism

Covalent
inhibitor
targeting the
switch-Il
pocket
(Cys12)

Covalent
inhibitor
targeting the
switch-ll
pocket
(Cys12)

Covalent
inhibitor
targeting the
switch-ll
pocket
(Cys12)

Covalent
inhibitor
targeting the
switch-Il
pocket
(Cys12)

Covalent
inhibitor
targeting the
switch-ll
pocket
(Cys12)

Covalent
inhibitor
targeting the
switch-Il
pocket
(Cys12)

Development
statust

FDA
approved

FDA
approved

Clinical
development

Clinical
development

Clinical
development

Clinical
development

Primary
reference(s)

Canon et
al.’® (2019);

Hong et al.'?
(2020)

Hallin et al.’*

(2020);
Janne et

al.’® (2022)

Fell et al.1®
(2023)

Bange et
al.'’ (2022)

Fakih et al.18
(2023)

Wang et al.’®
(2022)
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*Reported biochemical IC5, values are representative values obtained from the cited primary literature.
Because different studies employ different biochemical assays, protein constructs, and experimental
conditions, the values should be interpreted as approximate and are intended for general comparison
rather than direct quantitative ranking.

T Development status reflects the status of each compound at the time of manuscript preparation.

Although the generated analogues described in this study originate from BRICS recombination of active
KRAS-associated chemistry, they should not be interpreted as direct analogues of clinically approved
KRAS G12C inhibitors such as sotorasib or adagrasib. Instead, they represent computationally generated
variants intended to explore nearby regions of chemically relevant KRAS inhibitor space while preserving
medicinal-chemistry plausibility. Experimental studies will ultimately be required to determine whether
these compounds represent genuinely distinct chemotypes or modified derivatives with similar binding
characteristics. Even with that progress, early discovery around KRAS remains hard. The continued need
for improved KRAS G12C inhibitors has stimulated extensive efforts in structure-based drug design,
virtual screening, molecular docking, and artificial intelligence-assisted discovery workflows.?? G12C is
only one slice of the broader KRAS-mutant landscape; resistance still emerges, and medicinal chemistry
groups must decide what to make next under real-time constraints and budget limits. Modern computer-
aided drug discovery (CADD) integrates complementary computational techniques, including ligand-
based virtual screening, quantitative structure—activity relationship (QSAR) modelling, molecular
docking, pharmacokinetic and toxicity prediction (ADMET), and molecular simulations, to accelerate the
identification and prioritization of promising drug candidates?'. Rather than relying on a single
computational method, integrated CADD workflows combine multiple sources of evidence to improve
decision-making during early-stage drug discovery, reduce experimental cost and time, and increase the
likelihood of selecting chemically tractable candidates for subsequent biological evaluation??. Recent
studies have demonstrated that combining ligand-based prediction, structure-based docking, and in
silico ADMET assessment provides a more reliable framework for compound prioritization than

individual computational methods alone?3.

Computational screening can narrow options, as long as the results are read with restraint. ChEMBL
offers curated activity data that can support model development;?* RDKit supplies the core chemistry

toolset for cleaning, descriptors, fingerprints, and scaffold handling?®; QSAR can learn ligand-based

26,27

trends across related series“*“’, and docking can add a second perspective by checking whether shapes

and functional groups plausibly fit the pocket?®

. Docking scores, though, are not direct stand-ins for
binding affinity or cellular response. They depend on how the receptor was prepared, protonation
choices, protein conformation, solvent treatment, and what assumptionszg. Recent computational
studies have therefore emphasized combining ligand-based machine learning with structure-based
methods to improve prioritization reliability while maintaining interpretability.° The scoring function
makes. So docking works best as one component of a broader, clearly documented prioritization

strategy that also includes careful data curation, scaffold-aware validation, medicinal-chemistry filters,
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and strict limits on interpretation. This is an executable Python-based workflow for KRAS G12C
candidate prioritization. The point is practical integration, not a standalone demonstration: data retrieval,
structure cleanup, descriptor generation, validation, analog generation, filtering, docking, consensus
scoring, and file-level reporting are integrated into a single pipeline. The emphasis is on a human-
auditable decision trail, where it is possible to see why a molecule survived triage, how far the model can
be trusted beyond the training data, and what structural contacts are worth testing experimentally. The
output should be read as hypotheses for KRAS lead discovery, not validated inhibitors. A key contribution
is the full disclosure of the prioritization route for KRAS G12C candidates. Rather than presenting only
docking ranks or a generic Al screen, the workflow combines scaffold-split QSAR validation with BRICS-
based analog expansion and a weighted ligand- and structure-based scoring scheme. This setup speaks
to a recurring early problem in medicinal chemistry: selecting a small, chemically interpretable subset of
compounds for follow-up while preserving sufficient provenance for independent reproduction and
critique. The disease focus is KRAS-mutant cancer, especially tumors carrying the G12C substitution,
where target validation exists, but resistance and incomplete responses still push the need for next-
generation chemical matter, which remains a challenge. As a result, the approach prioritizes the early
identification of compounds that are chemically interpretable, computationally traceable, and suitable for
further testing in KRAS G12C biochemical and cellular models. The following explanations supplement
the study's data-to-decision logic (Supporting Information, Section S1). Each dataset, model output, plot,
and ranking file is interpreted in accordance with its role in the workflow: raw bioactivity data form the
ligand-based evidence base; curated and scaffold-aware model validation defines the reliability envelope;
BRICS-generated analogs investigate nearby chemical space; medicinal-chemistry filters eliminate
unsuitable candidates; and docking plus consensus scoring converts the candidate set into a practical
experimental queue.

The present work should therefore be understood as a target-focused application and reproducibility
study, rather than as the introduction of a new chemoinformatics algorithm. Its central question is
whether a sequence of familiar computational steps can be assembled into a transparent, scaffold-
aware decision process that produces a manageable experimental queue. That distinction matters. The
ChEMBL records provide an empirical starting point, but they may span assay formats, protein
constructs, and KRAS mutation states; the ligand-based model is consequently described here as
learning from KRAS-associated activity data. The receptor-based stage is the portion specifically
directed toward the KRAS G12C switch-1l pocket. The two evidence streams are combined to organize
follow-up work, not to convert computational scores into proof of inhibition. The study's value lies in the
disclosed data trail, scaffold-conscious evaluation, candidate attrition record, and the explicit connection
between model uncertainty and decisions about which molecules to test next. Compared with many
previously reported KRAS virtual-screening studies that primarily emphasize either molecular docking or
machine-learning prediction alone, the present workflow integrates curated ChEMBL bioactivity data,
scaffold-aware QSAR validation, BRICS-based analogue generation, medicinal chemistry filtering,
molecular docking, consensus scoring, and comprehensive reporting of computational outputs within a
single reproducible framework. Therefore, the principal contribution of this study is not the introduction
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of a new predictive algorithm, but the transparent integration of established computational methods into
an auditable workflow that enables each prioritization step to be independently reproduced and critically
evaluated.

1.1 Research Rationale

Despite the clinical success of KRAS G12C inhibitors such as sotorasib and adagrasib, the discovery of
next-generation inhibitors remains challenging because of acquired resistance and the need to efficiently
explore new chemical space. Computational approaches can help prioritize compounds before
experimental testing, but many reported workflows lack transparent validation and reproducibility. The
present study was designed to establish a reproducible, scaffold-aware computational workflow that
integrates curated bioactivity data, machine-learning prediction, BRICS-based analogue generation,
medicinal chemistry filtering, molecular docking, and consensus scoring. The objective is not to identify
experimentally validated inhibitors, but to provide a practical and transparent framework for prioritizing
KRAS G12C candidate molecules for subsequent biochemical and cellular evaluation.

2. Results and Discussion

2.1. Workflow and model validation

The pipeline began with KRAS IC50 records from ChEMBL. Structures were canonicalized, invalid entries
were removed, IC50 values were converted to pIC50, and duplicate records were consolidated. The
resulting curated dataset was intentionally limited to 400 molecules to provide a transparent,
computationally manageable, and fully reproducible benchmark dataset for the present workflow rather
than to maximize the size of the training set. Molecules were encoded with radius-2 Morgan fingerprints
and RDKit descriptors. Performance was checked under both a random split and a Murcko-scaffold split.
The scaffold split was treated as the main estimate of generalization, since it better resembles the
situation of predicting on new analog series.

Table 2
Random-forest QSAR validation metrics.
Split R2 RMSE MAE  n_test

Random split 0.536 0.472 0.358 80

Scaffold split 0.512 0.514 0.381 108

The scaffold-split R? of 0.512 indicates that the model retained a meaningful ranking signal when
evaluated on structurally separated compounds. The MAE of 0.381 pICs, units also defines an important
boundary: compounds with very similar predicted values should not be overinterpreted as having reliably
different potencies. For this reason, the model was used to enrich and prioritize candidates rather than
to make definitive activity claims for individual molecules.
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Table 2 defines the reliability envelope for the computational screen (Supporting Information, Section
S4). The random split estimates interpolation within the available KRAS chemical series, whereas the
scaffold split provides a stricter test of performance on less familiar scaffolds. Supporting Figures S2-S4
summarize the plCs, distribution and parity plots for random- and scaffold-split validation. Together,
these analyses support the model's use as an early-stage triage tool and underscore that experimental
testing remains necessary before any compound can be described as an active KRAS inhibitor. The pICsx
distribution plot explains the activity range available to the model after curation (Supporting Information,
Section S3 and Figure S2). The curated training set contains 400 molecules with pICsj values ranging

from 7.208 to 10.000, with a median of 7.854 and a mean of 8.003. This distribution shows that the
model was trained mainly on moderately to highly active KRAS compounds rather than on a broad
inactive-active classification set. Consequently, the model is best interpreted as a local rank-ordering tool
for KRAS-like analogs, not as a universal classifier for all chemical matter. The parity plots provide a
visual check on how predicted pICs, values track observed plCs, values (Supporting Information, Section
S4 and Figures S3-S5). The random-split parity plot reflects interpolation within related chemistry. In
contrast, the scaffold-split parity plot is the stricter test because the test molecules belong to scaffolds
separated from the training scaffolds. The scaffold-split R2 of 0.512, RMSE of 0.514, and MAE of 0.381
pICsq units show useful enrichment ability but also justify the cautious interpretation used throughout
the manuscript.

Several features of the validation results deserve emphasis before the generated compounds are
considered. The curated response values occupy a relatively narrow, active interval, and the predictions
for the leading generated molecules are much more tightly clustered than those of the scaffold-split
MAE. The model can therefore support coarse enrichment, but it cannot justify a precise potency order
among candidates whose predictions differ by only a few hundredths of a pIC50 unit. In practical use,
those candidates should be treated as a high-priority group and then separated by chemical diversity,
synthetic feasibility, availability, and experimental design. A future prospective implementation should
also report a similarity-based applicability domain, repeated scaffold splits, and prediction intervals or
another calibrated uncertainty measure. These additions would show when the training chemistry
sufficiently represents a generated structure to warrant model-based prioritization.

2.2. Candidate Generation, Filtering, and Docking

BRICS fragmentation and recombination were used to generate analogs from active seed molecules
because the method preserves chemically meaningful disconnections while exploring nearby analog
space (Supporting Information, Section S5).3732 Generated candidates were filtered for common atom
types, charge state, halogen valence, PAINS liability, physicochemical ranges, ring count, rotatable bonds,

fraction sp3 carbon, and QED. These filters were applied as practical medicinal-chemistry triage criteria,

not as absolute measures of safety, selectivity, or developability.3334

Filtered candidates were prepared with Open Babel and docked with AutoDock Vina (Supporting
Information, Section $6).3°737 The docking box was inferred from the local KRAS G12C structure and
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held constant across all 20 prioritized candidates to ensure comparable rankings. Final ranking
combined standardized predicted pICsy and standardized docking affinity, assigning 60% weight to the
QSAR prediction and 40% to docking. This weighting intentionally favored the experimentally trained
ligand-based signal while still allowing docking to penalize candidates with less favorable predicted
pocket accommodation. The candidate-generation data also define the attrition profile of the screen
(Supporting Information, Section S5). BRICS recombination produced 400 analogs, all labeled as BRICS-
derived structures in generated.csv. After sanitization, structural checks, and medicinal-chemistry filters,
57 candidates remained in generated_predictions.csv. This reduction from 400 to 57 candidates is
important because it shows that the workflow did not simply rank every generated molecule; it first
removed structures that were less suitable for meaningful prediction or practical follow-up. The final
top_hits.csv file contains the 20 docked candidates and records; for each molecule, the predicted pICg,
Vina docking score, positive docking-affinity transform, standardized ligand-based score, standardized
docking score, and final consensus score (Supporting Information, Section S6). Among the top 20,
predicted plCsq values are tightly clustered between 8.380 and 8.446, whereas Vina scores span - 9.143

to -7.748 kcal/mol. Because these predicted activities differ by substantially less than the scaffold-split
MAE (0.381 pIC50 units), the ligand-based component primarily functions as a coarse prioritization filter
within the top-ranked candidates, whereas differences in docking scores provide most of the
discrimination within this prioritized experimental tier.

The docking component is intentionally used as a secondary line of evidence. A single prepared receptor,
a single search region, and a common Vina protocol make scores comparable within this run. Still, they
do not account for the full conformational behavior of KRAS, explicit solvent effects, alternative
protonation states, or induced fit. In addition, the current protocol was not benchmarked by redocking a
co-crystallized ligand and did not explicitly model covalent bond formation with CYS12. The reported
poses and residue contacts are consequently geometric hypotheses. They are useful for choosing
compounds and planning mutational, binding, or structural experiments, but they should not be
interpreted as measured binding modes or free energies. Consequently, compounds lacking an
appropriate electrophilic warhead for covalent engagement with Cys12 should not be interpreted as
having the same therapeutic potential as clinically approved covalent KRAS G12C inhibitors, and
experimental validation will be required to determine their actual binding mechanism and biological
activity. The 60:40 QSAR-docking weighting likewise represents a transparent prioritization rule rather
than an empirically optimized relationship with biological response. The selected 60:40 weighting should
therefore be viewed as an interpretable prioritization rule rather than an optimized predictive model, and
alternative weighting schemes should be evaluated in future studies.

2.3. KRAS G12C Binding Poses and Interaction Profiles

K1 occupied the switch-ll pocket region and positioned its aromatic core near GLN99, GLU63, GLN61,
ASP92, TYR96, THR58, MET72, and VALO9. The predicted polar contacts were GLN61 OE1-K1 N at 3.07 A,
ASP92 OD1-K1 N at 3.07 A, and THR58 OG1-K1 O at 3.29 A. Close hydrophobic or van der Waals
contacts were observed with GLU63, GLN99, HIS95, and CYS12. These interactions are consistent with a
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plausible docked pose, but they should be interpreted as geometry-derived hypotheses until confirmed
experimentally.

Figure 1 links the numerical ranking to a chemically interpretable binding hypothesis. K1 spans a shallow
switch-Il pocket region rather than a deep enclosed cavity, which is consistent with the known difficulty
of KRAS ligand discovery. The interaction panel is intentionally descriptive: the listed contacts are
distance-based interactions from the docked coordinates. They should guide follow-up experiments
rather than be treated as validated binding determinants. K1 is emphasized because it is the highest-
consensus-ranked candidate, rather than the single strongest docking hit. Its predicted pICy, of 8.440
places it near the top of the filtered analog set, and its Vina score of -8.737 kcal/mol indicates favorable
predicted pocket accommodation. The combination of GLN61, ASP92, and THR58 polar contacts with
nearby hydrophobic or van der Waals contacts provides a reasonable structural hypothesis for testing,
while still avoiding any claim that the molecule is experimentally active.

Figure 2 compares the 20 prioritized candidates using the same receptor representation; complementary
two-dimensional structures are provided in the Supporting Information (Section S7 and Figure S6). The
figure is retained in the main manuscript because it allows direct visual comparison of how the analog
series samples the KRAS G12C pocket. Several ligands maintain related aromatic placement, whereas
substituent orientation and residue proximity vary across the series; these differences provide a rational
starting point for selecting compounds for synthesis, purchase, or focused redesign.
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Table 3

Summary of predicted interactions for 20 prioritized KRAS G12C candidates.

K1

K2

K3

K4

K5

K6

K7

K8

K9

K10

K11

K12

Pred.
pIC50

8.440

8.446

8.441

8.406

8.400

8.410

8.413

8.411

8.411

8.403

8.386

8.380

Vina

-8.737

-8.044

-7.984

-8.773

-8.931

-8.519

-8.365

-8.405

-8.411

-8.602

-8.972

-9.143

Final

1.506

1.055

0.820

0.470

0.404

0.330

0.299

0.282

0.270

0.188

0.001

-0.012

Polar contacts

GLN61 OE1-N 3.07 A;
ASP92 OD1-N 3.07 A;
THR58 0G1-03.29 A
ASP92 0D2-0 3.09 A;
THR58 0G1-03.11 A;
TYR96 OH-03.11 A

GLY60 0-0 2,87 A; ARG68
NH1-0 3.00 A; GLN61
OE1-03.25A

GLY60 0-0 3.08 A;
ARG102 NH1-N

GLU98 OET1-N 3.
GLN99 NE2-N 3.
GLN61 0-N3.40 A

312A,
16A,
37A

U

THR58 0G1-0 3.02 A

CYS12 N-N 3.15 A; THR58
0G1-03.21 A; TYR96 OH-
N 3.23 A

THRS58 0G1-0 3.
ASP92 OD2-0 3.
GLU62 O-N 3.42 A

THRS58 0G1-0 3.
ASP92 OD2-N 3.
GLU62 O-N 3.45 A

ARG102 NH1-0 2
GLY60 0-0Q 3.2
0-N3.43 A; GL
3.44 A

C_\
(o))
N < -
O
Z

THR58 0G1-0 3.03 A

ARG102 NH1-0 3.08 A;
GLY60 0-0 3,13 A; GLU98
OE1-03.15A; GLN99
NE2-0 3.30 A; GLN61 O-N
3.46 A

GLY60 0-0 3,22 A; GLN99

2
NE2-0 3.32 A; GLN61 O-N
3.48 A
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Hydrophobic/VDW contacts

GLU63 3.28 A; GLN99 3.57 A;
HIS953.71 A; CYS123.94 A

GLU63 3.27 A; HIS95 3.46 A;
GLN99 3.61 A; GLN61 3.63 A;
ALA113.70 A; CYS123.85A
GLN99 3.33 A; TYR96 3.34 A;
HIS95 3.40 A, 'ALA11 3.58 A
GLU63 3.72 A: THR58 3.84 A
TYR96 3.49 A; MET72 3.49 A;
HIS95 3.86 A

GLU63
HIS95

3.28 £
3.
TYR96 3.
3.
3.

; GLN61 3.42 A,
43 6 A;
56

"GLN99 3.4 \;
; GLU62 3.80

Do D>Fe

A
; GLN99 3.37 A,
; GLU62 3.75 A

GLU63 3.13 £
HIS95 3.45

>

GLN99 2.94 A: TYR96 3.40 A,
HIS95 3.66 A; VAL103 3.95 A;
MET72 3.98 A

GLN99 2.91 A TYR96 3.46 A
HIS95 3.64 A VAL103 3.90 A
GLU63 3.97 A

>

)

GLN99 3.15 A; TYR96 3.44 A;
HIS95 3.65 A, GLU63 3.78 A,
MET72 3.87 A

GLU63 3.24
TYR96 3.48

3. GLN99 3.36 A;

3.
GLN61 3.72

3.

3.

\; HIS95 3.56 A;
GLU62 3.82 A

A
A;

TYR96

A;
A MET72 3.57 A
GLU63 A,

o1
68 A; HIS953.92 A

TYR96 3.40 A; MET72 3.53 A,
ARG102 3.56 A GLU98 3.64 A,
HIS95 3.75 A, GLU63 3.93 A




ID Pred. Vina Final Polar contacts Hydrophobic/VDW contacts
pIC50
K13 8.408 -7956 -0.254 THR580G1-03.05A GLU63 3.22 A; TYR96 3.48 A;
HIS95 3.61 A; GLN99 3.70 A;
GLU62 3.90 A

K14 8.404  -7.839 -0.489 GLY600-03,17A;ASP92  MET723.29 A; HIS95 3.63 A;
OD1-03.24 A;GLN610-  GLN99 3.67 A; TYR96 3.85 A
N 3.27 A; GLU62 O-N 3.40
A

K15 8.404  -7.748 -0.576 GLN99 NE2-03.04 A; TYR96 3.52 A; HIS95 3.71 A
GLU63 OE1-03.09 A
GLY60 0-Q 3.19 A; G N61
0-N3.29 A

K16 8384  -8260 -0.725 THR580G1-0 3.9 A; GLN99 2.83 A; TYR96 3.46 A,
GLU62 0-N 3.33 A; GLN61  HIS95 3.55 A; GLU63 3.72 A;
0-03.49 A VAL103 3.88 A

K17 8380  -8287 -0.820 GLN61NE2-03.16A; GLU63 3.08 A; LYS88 3.30 A;
THR58 0G1-03.20 A; HIS95 3.62 A; GLN99 3.83 A
ASP92 OD1-0 3.24 A;
TYR96 OH-N 3.49 A

K18 8394  -7.789 -0.839 GLY600-03.17A;GLN61T  GLN993.09 A; GLU63 3.25 A;
0-N3.32A TYR96 3.54 A; HIS95 3.72 A

K19 8392  -7.872 -0.854 GLY600-0292A;ARG68  TYR96 3.25 A; HIS95 3.35 A;
NH1-0 2.97 A; GLN61 GLN99 3.39 A; ALA11 3.62 A;
OE1-03.14 A GLU63 3.80 A; THR58 3.89 A

K20 8.386  -7.838 -1.056 GLN99 NE2-02.97 A; GLU63 3.25 A; TYR96 3.49 A;
GLY60 0-03.17 A; GLN61  HIS953.61 A
0-N3.30A

Across the 20 candidates, docked poses repeatedly placed ligand scaffolds near GLN61, GLU62, GLU63,
THR58, TYR96, ASP92, GLN99, and VALY, suggesting that the generated analogs explored related
regions of the KRAS G12C switch-Il pocket. K12 showed the strongest Vina score among the candidates,
whereas K1 ranked highest by consensus because it balanced high predicted potency with favorable
docking. This difference illustrates why consensus ranking is more informative than relying on a single
docking score. The compound-level trends suggest that the generated analogs repeatedly occupy a
related switch-Il pocket region but differ in substituent orientation, polar-contact pattern, and docking-
score contribution. K12 provides the most favorable Vina score (-9.143 kcal/mol) but ranks lower in the
consensus because its predicted pICs is lower than those of K1-K3. This behavior is consistent with the
intended workflow design: docking is used to refine and contextualize ligand-based prioritization, not to
override the bioactivity-trained model. Although K1 achieved the highest consensus score, the predicted
pIC50 values of the leading candidates fall within the scaffold-split prediction error. Therefore, K1-K20
should be regarded as a prioritized experimental set rather than a precisely ranked potency series.

Table 3 is the central compound-level result in the main manuscript. It reports the consensus identifiers
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K1-K20, predicted activity, docking score, final ranking score, and principal distance-based contacts. The
Supporting Information (Table S2) provides the data provenance, validation plots, and output files
needed to audit or repeat the analysis.

2.4. ADMET profiling of the top-ranked compounds

To further evaluate the drug-likeness and developability of the prioritized compounds, in silico ADMET
profiling was performed for the twenty highest-ranked candidates obtained from the integrated machine-
learning and molecular docking workflow. Drug-likeness and pharmacokinetic properties, including
Lipinski's rule of five, gastrointestinal (Gl) absorption, blood-brain barrier (BBB) permeability, and
cytochrome P450 (CYP)-related information, were obtained using SwissADME38<sup > 38</sup>. Ames
mutagenicity and hERG cardiotoxicity were evaluated using ADMETlab 3.03%<sup > 39</sup>. As
summarized in Table 4, all twenty compounds satisfied Lipinski's rule of five, suggesting favorable drug-
like physicochemical properties. Most compounds exhibited either high or low predicted Gl absorption,
whereas only one compound was predicted to permeate the blood-brain barrier. CYP inhibition
information was reported as not determined (n/d) in the current SwissADME output and therefore was
not interpreted further in this study. ADMETIab predictions further provided an initial assessment of
Ames mutagenicity and hERG-related cardiotoxicity, supplying additional information for prioritizing
candidates for future experimental evaluation. Overall, the ADMET analysis complements the machine-
learning predictions and molecular docking results by providing an early assessment of pharmacokinetic
behavior and potential toxicity, thereby improving confidence in prioritizing candidate KRAS G12C
inhibitors.
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Table 4
In silico ADMET profiling of the top 20 prioritized KRAS G12C inhibitor candidates.

Compound Lipinski Gl Absorption BBB Permeant CYP Inhibition Ames hERG

K1 Pass Low No n/d Negative  Low risk
K2 Pass High No n/d Negative  Low risk
K3 Pass High No n/d Positive High risk
K4 Pass High No n/d Positive High risk
K5 Pass Low No n/d Negative  High risk
K6 Pass Low No n/d Negative  High risk
K7 Pass Low No n/d Negative  High risk
K8 Pass High No n/d Positive High risk
K9 Pass Low No n/d Negative  High risk
K10 Pass Low No n/d Positive High risk
K11 Pass Low No n/d Negative  High risk
K12 Pass Low No n/d Negative  Low risk
K13 Pass High No n/d Negative  High risk
K14 Pass High Yes n/d Positive High risk
K15 Pass Low No n/d Negative  High risk
K16 Pass Low No n/d Negative  High risk
K17 Pass Low No n/d Negative  High risk
K18 Pass High No n/d Positive High risk
K19 Pass Low No n/d Positive High risk
K20 Pass High No n/d Negative  High risk

K1-K20 correspond to the twenty highest-ranked KRAS G12C inhibitor candidates listed in top_hits.csv
in descending order of the integrated final score. Drug-likeness and pharmacokinetic properties
(Lipinski's rule of five, Gl absorption, BBB permeability, and CYP inhibition) were predicted using
SwissADME. Ames mutagenicity and hERG cardiotoxicity were predicted using ADMETlab 3.0. The
corresponding SMILES structures and prediction scores are provided in Supporting Information Table S1.

2.5. Validation and Scope of Interpretation

The present study uses computational validation appropriate for an early virtual-screening workflow:
duplicate-aware data curation, scaffold-aware train/test splitting, parity-plot inspection, medicinal-

Page 13/22



chemistry filtering, and structure-based pose analysis. These steps reduce the risk of overinterpreting
training-set memorization or docking-score artifacts, but they do not replace biochemical validation. The
prioritized molecules should be advanced only after orthogonal testing, including KRAS G12C binding
assays, nucleotide-exchange or pathway-readout assays, cellular antiproliferative assays in matched
KRAS-dependent models, selectivity profiling, and, where possible, structural confirmation of the binding
mode. The Supporting Information therefore reports the data and explanations of the plots needed to
audit the computational claims (Sections S1-S8). It identifies the raw ChEMBL-derived input, the curated
400-molecule modeling set, the generated BRICS analog table, the 57 filtered prediction table, the 20-
candidate docking and consensus table, the model metrics file, the run-summary JSON file, the docking
logs, and the plot files. This organization allows the reader to trace each numerical result in the
manuscript back to a specific machine-readable output.

Accordingly, the manuscript frames K1-K20 as a ranked experimental queue rather than a list of
confirmed inhibitors. This distinction is important for both scientific accuracy and translational
relevance: the workflow is intended to save time in candidate selection, not to bypass the experimental
evidence required for a therapeutic claim.

The most informative experimental extension would begin with a diversity-aware subset rather than only
the first few numerical ranks. A primary KRAS G12C biochemical binding or nucleotide-exchange assay
should be paired with appropriate positive and negative controls. Compounds showing reproducible
activity could then be examined in matched KRAS G12C-dependent and control cell lines using pathway
readouts such as pERK suppression, followed by cytotoxicity and selectivity counterscreens. For
candidates designed to engage CYS12, direct evidence of covalent engagement would be especially
important. Comparing those prespecified experimental outcomes with the current ranking would provide
a genuine prospective test of the workflow and reveal which components of the consensus score are
informative. Until such evidence is available, K1-K20 remain candidate structures proposed for testing;
they are not experimentally confirmed inhibitors or therapeutic leads.

Another limitation of the present workflow is the absence of a formal applicability-domain analysis.
Consequently, prediction confidence for individual generated compounds cannot be quantitatively
assessed. Future work should incorporate similarity-based applicability-domain methods, prediction
uncertainty estimation, and confidence intervals to determine whether newly generated analogues fall
within the chemical space represented by the training dataset.

3. Conclusion

A transparent, reproducible computational pipeline is described for prioritizing KRAS G12C candidates by
combining public bioactivity curation, scaffold-aware machine-learning validation, medicinal-chemistry
filtering, BRICS analog generation, and molecular docking. With 400 curated KRAS activity records, the
random-forest model retained a useful predictive signal under scaffold-split validation, supporting its
role as a ranking tool rather than a precise potency predictor. The workflow reduced 400 generated
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analogs to 20 docked candidates, placing K1 at the top of the consensus list while K12 produced the
strongest Vina score. Recurrent predicted contacts involving residues such as GLN61, THR58, ASP92,
TYR96, and GLN99 give a readable structural basis for follow-up experiments. The main value here is not
a claim of immediate therapeutic discovery; it is a reproducible route from public KRAS data to a focused
set of candidate compounds for testing. Next steps should include biochemical and cellular assays for
the prioritized compounds, selectivity and covalent engagement checks where relevant, and iterative
refinement of the QSAR and docking parts of the pipeline as new data arrive.

Taken together, the analysis offers a reproducible computational starting point and a clearly defined set
of next experiments. Its strongest claim is procedural: public bioactivity data, scaffold-aware validation,
chemically constrained analog generation, and structure-based inspection can be connected in a way
that another researcher can audit and rerun. Its biological claims remain deliberately provisional. This
separation between computational prioritization and experimental confirmation is essential for
interpreting the candidate list responsibly and for deciding how to improve the workflow after
prospective results become available.

4. Materials and methods

KRAS activity records were collected from ChEMBL via the REST API*? and limited to IC¢, values
reported in nanomolar units with an equality relation. SMILES strings were canonicalized with RDKit;
invalid structures were removed; IC5 values were transformed to plICsgy; and duplicates were merged by
median pICs,. Molecules were represented using 2048-bit radius-2 Morgan fingerprints plus RDKit

descriptors. Random-forest regression was run with scikit-learn*'#2. Performance was assessed with
both random and Murcko-scaffold splits, after which a final model was trained on the full curated
dataset. BRICS analogues were generated from the selected seed molecules with the highest
experimental pIC50 values after dataset curation. Seed molecules were selected to represent chemically
distinct Murcko scaffolds, thereby preserving structural diversity while retaining high bioactivity. A total
of X seed molecules meeting the selection criterion of pIC50 =Y were used for BRICS recombination.
Ligands were converted from SMILES to PDBQT with Open Babel and docked using AutoDock Vina®°~37.
For each candidate, the best Vina pose was mapped back into top_hits.csv using exact SMILES
matching and docking score agreement. Protein-ligand contacts were computed from docked
coordinates using a 4.0 A cutoff for nearby residues, a 3.5 A N/O/S cutoff for polar contacts, and a 4.0 A
carbon/halogen cutoff for hydrophobic or van der Waals contacts. All thresholds and outputs were kept
to support independent review. Key files are organized as follows: raw_chembl.csv contains the original
ChEMBL KRAS records; cleaned_data.csv holds the curated 400-molecule QSAR set; generated.csv lists
the 400 BRICS analogs; generated_predictions.csv contains the 57 filtered candidates with predicted
plC50 values; top_hits.csv contains the 20 docked and consensus-ranked molecules; metrics.txt records
validation metrics; and run_summary.json logs the docking box, receptor inputs, candidate counts, and
execution status. The Supporting Information explains how to read each file and plot, as well as the
study’s limitations.
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For reproducibility, the numerical outputs should be read together with the released code and machine-
readable files. The reported random and scaffold results each arise from a single held-out split, so they
do not capture the variation expected across alternative partitions. No external prospective set, Y-
randomization analysis, formal applicability-domain threshold, or calibrated uncertainty model was used
in the present run. Likewise, docking scores were not converted to binding affinities, and the contact
analysis used fixed-distance criteria rather than energetic decomposition. These points define the
boundary of reproducibility: the calculations and ranking can be repeated from the archived inputs, while
biological validity must be established independently.

Associated Content
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Interaction summary

Consansus rank: 1 (K1)
Predicted plC50; 8440

Vina scare: -8.737 keallmel
Final consensus score: 1.506

Closest residues within 4.0 A

GLNS (2.6 A), GLUB3 (2.8 A), GLNE1 (3.1 A)
ASP92 (3.1 A), TYRSG (3.1 A), THRSE (3.3 A),
METT2 (3.4 A), VALS (3.5 A)

Polar contacts

GLMS1 OE1-K1 N: 3.07 A
ASPEZ OD1-K1 K 3.07 A
THRSB OG1-K1 0: 329 A

Hydrophobicivan der Waals contacts
GLUGY (3.3 &), GLNIY (3.6 &), HISS5 (3.7 A),
CYsiz el

Figure 1

Docked binding pose and predicted protein contacts of K1 in the KRAS G12C pocket. KRAS is shown in
gray cartoon, K1 as magenta sticks, and nearby pocket residues in cyan sticks. The panel summarizes
predicted polar and hydrophobic/van der Waals contacts derived from the docked coordinates.
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KRAS G12C docked poses for 20 prioritized candidates

PICS0 8.44: final 0.82 pIC50 8.41; final 0.47

K7 Vina -8.37 K8 Vina -8.40

pIC50 8.41: final 0.28

K12 Vina -9.14

pIC50 8.41; final 0.27 pICS0 8.40: final 0.19 PIC50 8.39: final 0.00 pIC50 8.38: final -0.01

K13 Vina -7.96 K14 Vina -7.84 K15 Vina -7.75 K16 Vina -8.26

-

pIC50 8.41; final -0.25 pIC50 8.40; final -0.49 pIC50 8.38; final -0.73

K17 Vina -8.29 K18 Vina -7.79 K20 Vina -7.84

—
pIC50 8.38; final -0.82 pIC50 8.39; final -0.84 pIC50 8.39; final -0.85 pIC50 8,39, final -1.06

Figure 2

KRAS G12C docking poses for all 20 prioritized candidates (K1-K20). Each panel uses the same
rendering style: KRAS cartoon in gray, candidate ligand in magenta, and nearby pocket residues in cyan.
Vina score, predicted plCsq, and final consensus score are shown for each candidate.
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