A Data-Driven Chemotype-Mutation Potency Matrix
for the EGFR Kinase Domain: Integrating Public
Genomic, Bioactivity and Structural Resources into a
Preclinical Resistance-Panel Nomination Framework

Abstract

Acquired and de-novo resistance to epidermal growth factor receptor (EGFR) tyrosine kinase
inhibitors (TKIs) remains the central obstacle to durable disease control in EGFR-mutant
lung adenocarcinoma (LUAD). Preclinical lead-optimisation programmes therefore need to
nominate, early and transparently, which chemical series merit investment against which
resistance alleles. Here we assemble a fully programmatic, reproducible pipeline that integrates
three orthogonal open-data resources—somatic-mutation and RNA-sequencing data for The
Cancer Genome Atlas lung adenocarcinoma project (TCGA-LUAD, Genomic Data Commons
Data Release 45.0), curated bioactivity records for EGFR (ChEMBL 37, target CHEMBL203),
and the osimertinib-bound wild-type EGFR kinase-domain crystal structure (Protein Data
Bank entry 4ZAU)—to construct a chemotypexmutation potency matrix and a transparent
go/no-go nomination framework. Bemis—Murcko scaffold decomposition and Taylor-Butina
clustering of 14650 unique EGFR ligands identified the 4-anilinoquinazoline core as the
most prominent, best-sampled chemotype (3169 compounds), with a pyrrolo[2,3-d|pyrimidine
(7-deazapurine) series as a high-potency but sparsely characterised alternative. Mutation-
annotated ChEMBL activities were segregated into biochemical (cell-free) and cellular formats
using a Bioassay Ontology-based rule set and normalised to pActivity = 9 — log;,(nM).
Against a mechanistically motivated six-mutation panel (L858R, exon-19 E746 A750del,
T790M, C797S, L861Q, S768I) nominated from cohort prevalence, the 4-anilinoquinazoline
series retained best-in-class cell-free potency against sensitizing drivers (pActivity up to 10.4;
< 0.4nM) but lost 24-fold potency against the gatekeeper T790M (ApActivity = 1.38), while
structural analysis of 4ZAU rationalised the resistance geometry (Cys797 Sy—acrylamide
B-carbon 3.35A; Met793 hinge hydrogen bonds; gatekeeper Thr790 4.68 A from ligand).
Applying five explicit quantitative gates, the framework returns an indication-resolved
verdict: GO for the 4-anilinoquinazoline series against sensitizing mutations and NO-GO
against the T790M/C797S resistance setting; the pyrrolo[2,3-d]pyrimidine alternative is
NO-GO pending dedicated mutant-panel profiling (14.3 % matrix coverage). We foreground
substantial data gaps (L861Q and S768I are essentially uncharacterised; 69 % of records
are ontology-unclassified; T790M is confounded by obligate double-mutant assay contexts)
and state explicitly that this is a target-discovery cheminformatics analysis that makes no
patient-treatment, dosing, or clinical recommendation of any kind.

Scope statement. This work is a preclinical, target-discovery cheminformatics study intended
solely to prioritise chemical series for laboratory research. It contains no patient-treatment recom-
mendations, no dosing guidance, and must not be used for any clinical decision-making.
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Figure 1: Graphical abstract. Three orthogonal public resources—TCGA-LUAD somatic mutations
and RNA-seq (Genomic Data Commons), EGFR bioactivity records (ChEMBL, target CHEMBL203) and
the osimertinib-bound EGFR kinase-domain structure (PDB 4ZAU)—are integrated programmatically
into a chemotypex mutation potency matrix and a five-gate go/no-go nomination framework for preclinical
lead-series selection.

1 Introduction

Lung adenocarcinoma (LUAD) driven by activating mutations in the epidermal growth factor
receptor (EGFR) is one of the paradigmatic successes of molecularly targeted oncology. The
recognition, in 2004, that somatic mutations clustered in the EGFR tyrosine kinase domain—
most commonly the exon-21 L858R point substitution and in-frame exon-19 deletions around
E746 _AT750—confer exquisite sensitivity to the reversible ATP-competitive inhibitors gefitinib
and erlotinib transformed the treatment of this disease and established EGFR genotyping
as a prerequisite for therapy selection [1-3]. These mutations are enriched in never-smokers
and in adenocarcinoma histology, and they act not merely by increasing catalytic output but
by destabilising the autoinhibited kinase conformation and engaging anti-apoptotic survival
signalling, rendering the tumour “addicted” to EGFR activity [4, 5]. The clinical corollary was
rapidly confirmed in randomised trials: first-line gefitinib produced markedly superior progression-
free survival relative to platinum-doublet chemotherapy in mutation-selected patients [6, 7], and
erlotinib demonstrated a survival benefit in previously treated disease [§].

The durability of these responses is, however, fundamentally limited by the emergence of
resistance. Within roughly a year of first-generation therapy the majority of tumours acquire the
exon-20 “gatekeeper” substitution T790M, which restores ATP affinity and sterically excludes the
first-generation anilinoquinazolines [9, 10]. A minority of tumours instead bypass EGFR depen-
dence entirely, most notably through MET amplification and downstream ERBB3 signalling [11].
The irreversible second-generation inhibitor afatinib broadened activity across common and
several uncommon activating alleles [12-14], but it was the third-generation, mutant-selective
inhibitor osimertinib (AZD9291) that decisively addressed T790M: engineered to covalently
engage Cys797 through an acrylamide warhead while sparing wild-type EGFR, osimertinib
overcame T790M-mediated resistance in the laboratory [15], delivered practice-changing efficacy



in T790M-positive and treatment-naive disease [16, 17|, and ultimately improved overall survival
in the first-line setting [18]. Structural biology clarified precisely how this is achieved: crystal-
lographic analysis of the osimertinib—-EGFR complex revealed the warhead poised for Michael
addition onto the Cys797 thiol [19].

Yet resistance has once again followed the drug. Acquired substitution of Cys797 to serine
(C797S) abolishes the covalent anchor on which osimertinib depends, and—particularly when
it arises in cis with T790M—produces tumours refractory to all currently approved EGFR
TKIs [20]. This recurring cycle has motivated a return to first principles: allosteric, mutant-
selective chemotypes that bind outside the ATP pocket, such as the EAI045 series, illustrate
the value of exploring chemical space beyond the classical anilinoquinazoline scaffold [21]. The
structural determinants of both sensitivity and resistance are now understood in atomic detail.
The T790M gatekeeper acts less by direct steric occlusion than by raising the kinase’s affinity for
ATP [22]; the activating mutations reorganise the regulatory aC-helix and activation loop [23, 24];
and the ATP site itself was first visualised in complex with a 4-anilinoquinazoline two decades
ago [25].

Against this backdrop, the practical challenge for a preclinical lead-optimisation programme
is one of prioritisation under uncertainty: given a finite budget, which chemical series should
be advanced against which resistance alleles, and on what quantitative evidence? Answering
this requires integrating three normally siloed information layers. First, which mutations matter,
both by population prevalence and by mechanism—a question now answerable at cohort scale
through The Cancer Genome Atlas and the harmonised NCI Genomic Data Commons, which
together provide programmatic access to somatic-mutation and expression data for lung adeno-
carcinoma [26-28|. Second, how existing chemistry behaves against those mutations, captured in
the open bioactivity records aggregated by ChEMBL |29, 30|. Third, why particular substitutions
erode potency, which follows from the atomic geometry of the inhibitor—kinase complex deposited
in the Protein Data Bank [31, 32]. Preclinical mutant-panel profiling—classically performed in
engineered Ba/F3 systems and high-throughput cellular platforms—remains the experimental
bridge between these layers [33, 34|, but the up-front decision of what to profile is rarely made
transparently or reproducibly.

Here we address that decision. We construct, entirely from public data and open-source
cheminformatics, a chemotypexmutation potency matrix for EGFR and embed it in an explicit,
auditable go/no-go framework. Our contributions are threefold. (i) We nominate the most
prominent EGFR inhibitor chemotype by unbiased Bemis—-Murcko scaffold analysis and Taylor—
Butina clustering of the full ChEMBL EGFR ligand set, and identify a high-potency alternative
series. (ii) We assemble a mechanistically motivated six-mutation resistance panel from live
TCGA-LUAD prevalence and annotate each allele with a structural rationale derived directly
from the osimertinib-bound 4ZAU structure. (iii) We define five quantitative gates —best-in-class
sensitizing potency, T790M and C797S fold-resistance, cell /biochemical concordance, and matrix
coverage—and apply them to return indication-resolved verdicts, while cataloguing the substantial
data gaps and assay-heterogeneity caveats that bound every conclusion. We emphasise at the
outset, and reiterate throughout, that this is a target-discovery exercise in chemical prioritisation
and makes no clinical recommendation of any kind.

2 Methods

2.1 Overview and reproducibility

All datasets were retrieved programmatically through public application programming interfaces
(APIs); no records were downloaded or edited manually. The pipeline comprises five sequential
stages: (1) data acquisition and quality control; (2) chemotype nomination by scaffold analysis



and clustering; (3) mutation-panel nomination from cohort genomics; (4) structural rationali-
sation of the panel against the osimertinib-bound kinase domain; and (5) construction of the
chemotypexmutation potency matrix and application of the go/no-go framework. Cheminfor-
matics operations used the open-source RDKit toolkit [35]; structural geometry was computed
with Biopython. Every intermediate result is written to a machine-readable file to support
independent audit.

2.2 Data acquisition and quality control

Bioactivity data. EGFR bioactivity records were queried from the ChEMBL activity endpoint
for target CHEMBL203. Of 31090 raw records, we retained measurements whose standard_type
was one of {IC59, ECso, K;, Ky}, discarded records lacking a canonical SMILES string or a
defined standard value, and kept only convertible potency units, yielding 28 623 final filtered
activities spanning 14 650 unique compounds. The standard-type composition was dominated by
IC50 (25083 records), with K4 (1855), K; (1258) and ECjsy (427) making up the remainder.

Somatic mutations. Somatic single-nucleotide and small-insertion/deletion variants in
EGFR for the TCGA-LUAD project were retrieved from the Genomic Data Commons (GDC)
ssm_occurrences endpoint. After gene mapping and somatic validation, 93 EGFR variant
occurrences were recovered across 78 distinct mutated cases. Mutation prevalence was computed
against the full TCGA-LUAD case denominator (n = 585) obtained from a live GDC /cases

query.

Expression landscape. EGFR RNA-sequencing expression (STAR-Counts, transcripts-per-
million, tpm_unstranded) was downloaded for 200 TCGA-LUAD samples (185 primary tumour,
14 solid-tissue normal, 1 recurrent tumour). Tumour versus normal expression was compared by
the Mann—Whitney U test.

Structure. The wild-type EGFR kinase-domain crystal structure in complex with osimertinib
(AZD9291; ligand code YY3), Protein Data Bank entry 4ZAU (X-ray diffraction, 2.8 A resolution),
was retrieved directly from the RCSB PDB.

2.3 Chemotype nomination

Each unique compound was reduced to its Bemis—Murcko scaffold and its more abstract generic
(graph) framework [36] using RDKit. To identify structurally coherent chemical series we com-
puted Morgan/ECFP4 circular fingerprints (radius 2, 2048 bits) [37] and applied Taylor-Butina
clustering at a Tanimoto similarity cutoff of 0.6 [38], producing 2984 clusters (1536 singletons).
The prominent chemotype was defined as the most frequent scaffold (restricted to scaffolds with
> 20 compounds and > 5 biochemical measurements) whose mean biochemical potency lay at
or above the candidate-pool median. This procedure nominated the 4-anilinoquinazoline core
(clccc(Ne2nene3cecee23) cel; 3169 compounds under the classical scaffold, the canonical gefi-
tinib/erlotinib framework). A higher-potency but sparser pyrrolo|2,3-d|pyrimidine (7-deazapurine)
series (160 compounds; mean biochemical pActivity ~ 9.2) was retained as an alternative. The
two chemotype cores shared zero compounds, confirming that they represent non-overlapping
regions of chemical space.



2.4 Potency normalisation and biochemical/cellular segregation
All potency values were converted to a logarithmic activity scale,
pActivity = — log;y(molar potency) = 9 — log;y(potency in nM), (1)

so that higher pActivity denotes greater potency (pActivity = 8 corresponds to 10nM). Because
ChEMBL aggregates assays of heterogeneous format, each activity was classified as biochemical
(cell-free) or cellular using a deterministic hierarchy anchored on the Bioassay Ontology (BAO):
BAO labels for cell-based or organism-based formats were assigned to the cellular category, single-
protein/protein/membrane formats to the biochemical category, and generic “assay format” labels
were resolved by a curated cellular keyword regular expression (matching cell-line tokens such as
Ba/F3, A431, H1975, HCC827, PC-9, proliferation, viability and xenograft terms), subject to a
biochemical-context veto (“isolated”, “recombinant”, “cell-free”, “purified”, “enzymatic”, “lysate”).
Unannotated binding constants (K;, K;) were treated as biochemical and unannotated ECs
as cellular; unannotated ICsg records remained unclassified and were excluded from the matrix.
This yielded 6724 biochemical and 1985 cellular records, with 19864 (69 %) unclassified—a gap
we treat explicitly as a limitation. Duplicate measurements were resolved to the median pActivity
per (compound, assay-category) pair, preferring exact (=/~) qualifiers.

2.5 Mutation-panel nomination

Panel candidates were ranked by TCGA-LUAD cohort prevalence and cross-checked for the
availability of mutation-annotated ChEMBL bioactivity records. The final six-mutation panel was
chosen to span the mechanistic spectrum required for a preclinical resistance study: the canonical
sensitizing drivers L858R and exon-19 E746 A750del; the gatekeeper resistance mutation T790M;
the covalent-disrupting osimertinib-resistance mutation C797S; and the prevalent uncommon
activating variants L861(Q and S768I. Mutation-annotated activities were mapped to matrix
columns by regular-expression parsing of ChEMBL assay descriptions for explicit variant tokens.
Wild-type (WT) potency was defined from assays containing an explicit wild-type token or
containing no EGFR variant token at all; ambiguous “mutant” assays were deliberately excluded
from the WT column to avoid contamination.

2.6 Structural analysis of the osimertinib-bound kinase domain

Using Biopython, we computed all protein-ligand heavy-atom distances in 4ZAU. Binding-pocket
residues were defined as those with any atom within 4.5 A of the osimertinib ligand (YY3);
hydrogen bonds were assigned at a donor-acceptor cutoff of 3.6 A. The distance from the Cys797
side-chain sulphur (S+) to the acrylamide -carbon (atom C9) was measured to quantify covalent-
warhead proximity. Fach panel mutation was mapped onto its structural position and annotated
with a mechanistic rationale. We note the key structural caveats: 4ZAU is wild-type EGFR, so
residue 790 is the native gatekeeper Thr790 (not Met790), and exon-19 residues 747-750 are
disordered, with only Glu746 resolved.

2.7 Go/no-go framework

The nomination framework applies five explicit quantitative gates to each chemotype (Table 4).
Verdicts are resolved by therapeutic indication: a series may be GO for a sensitizing (driver)
indication yet NO-GO for a resistance-directed indication. A chemotype whose resistance matrix
cells are undetermined (“ND”) is classified NO-GO pending dedicated mutant-panel profiling—an
undetermined profile is treated as unfavourable, never as favourable.



3 Results

3.1 The 4-anilinoquinazoline core is the most prominent, best-sampled EGFR
chemotype

Bemis—Murcko decomposition and Taylor—-Butina clustering of the 14 650 unique EGFR ligands
partitioned the ChEMBL bioactivity landscape into 2984 clusters. The potency distribution across
the resulting scaffold pool is broad, spanning roughly six orders of magnitude in both biochemical
and cellular formats (Figure 2), reflecting the mixture of weak fragments, tool compounds
and optimised clinical candidates present in the public record. Against this background, the
4-anilinoquinazoline core emerged unambiguously as the most prominent chemotype: it is
simultaneously the most frequently represented scaffold meeting the sampling threshold (3169
compounds under the classical anilinoquinazoline definition; 709 under the strict nominated-
scaffold graph) and one whose mean biochemical potency sits at or above the candidate-pool
median. This is the canonical gefitinib/erlotinib framework, and its dominance in the data reflects
three decades of medicinal-chemistry investment. A pyrrolo[2,3-d|pyrimidine (7-deazapurine)
series was identified as a higher-potency alternative (mean biochemical pActivity =~ 9.2 versus
~ 6.5 for the broader quinazoline candidate pool) but is represented by far fewer compounds
(160) and, critically, by almost no mutation-annotated data.

The scaffold-diversity landscape (Figure 3) situates these two series within the broader
chemical space and confirms that they occupy non-overlapping regions—the two chemotype
cores share zero compounds. This separation is analytically important: it means the alternative
series is a genuinely independent chemical hypothesis rather than a substructural variant of
the primary chemotype. Representative high-potency 4-anilinoquinazoline exemplars recovered
by the pipeline include compounds bearing the classical 3-substituted-anilino and 6,7-dialkoxy
quinazoline substitution patterns (e.g. biochemical pActivity up to 10.0-10.4), several carrying
acrylamide warheads characteristic of the covalent second- and third-generation inhibitors.
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Figure 2: Potency distributions across the EGFR bioactivity landscape. Normalised activity
(pActivity = 9 — log;o nM) for biochemical (cell-free) and cellular assay formats after Bioassay Ontology-
based segregation and per-compound median resolution. Higher pActivity denotes greater potency; the
dashed reference marks the pActivity = 8 (10nM) best-in-class gate used in the nomination framework.



EGFR inhibitor structural diversity and scaffold frequency
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Figure 3: Scaffold-diversity landscape of EGFR inhibitors. Bemis-Murcko scaffold frequency
versus potency, highlighting the prominent 4-anilinoquinazoline chemotype and the sparser, higher-potency
pyrrolo[2,3-d|pyrimidine alternative. Taylor-Butina clustering (Morgan/ECFP4, radius 2, 2048 bits;
Tanimoto > 0.6) yielded 2984 clusters (1536 singletons).

3.2 A mechanistically motivated six-mutation panel from cohort genomics

Somatic EGFR variants in TCGA-LUAD were dominated, as expected, by the two canonical
sensitizing drivers: L858R (22 cases, 3.76 % of the 585-case cohort) and the exon-19 E746  A750del
(18 cases, 3.08 %), together with related exon-19 in-frame deletions (Figure 4). The clinically
pivotal resistance alleles were present but rare in this treatment-naive resected cohort—T790M in
only 2 cases (0.34 %) and C797S in none—consistent with their status as predominantly acquired
substitutions that emerge under therapeutic pressure rather than as founding driver events. The
uncommon activating variants L861Q and S768I were each observed in 3 cases (0.51 %). This
prevalence structure directly motivated the panel composition: sensitizing drivers define the
responsive baseline, the gatekeeper and covalent-disrupting alleles define the resistance axis of
principal preclinical interest, and the uncommon variants probe the breadth of a series across the
activating-mutation spectrum (Table 1).

Contextually, bulk EGFR mRNA was not significantly elevated in tumour relative to normal
tissue (primary-tumour median 35.0 TPM versus solid-tissue-normal median 38.3 TPM; Mann—
Whitney p = 0.80; Figure 5). This is the expected picture for EGFR-mutant LUAD, in which the
oncogenic signal is driven by activating mutation and focal amplification in subsets rather than
by uniform transcriptional overexpression. Expression therefore serves as biological context—
confirming that EGFR is expressed and thus a plausible target across the cohort—while panel
selection is driven by mutation prevalence and resistance mechanism.



EGFR kinase-domain somatic variant prevalence in TCGA-LUAD
(red = nominated preclinical resistance panel)
22

I Nominated panel
3.5 4 I Other kinase-domain variant

Clinical prevalence (% of 585 TCGA-LUAD cases)

< Q
]
EGFR kinase-domain somatic variant (residues 700-1000)

Figure 4: Somatic EGFR mutation prevalence in TCGA-LUAD. Frequency of EGFR amino-acid
changes across the cohort (denominator n = 585 cases; GDC /cases live query). The canonical sensitizing
drivers L858R and exon-19 E746 A750del dominate; the acquired resistance alleles T790M and C797S
are rare or absent in this treatment-naive resected cohort.
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Figure 5: EGFR expression landscape in TCGA-LUAD. EGFR mRNA (tpm_unstranded, STAR-
Counts) by sample type. EGFR is expressed but not significantly upregulated in primary tumour relative
to solid-tissue normal (medians 35.0 vs 38.3 TPM; Mann-Whitney p = 0.80), consistent with mutation-
rather than expression-driven oncogenesis.



Table 1: Nominated six-mutation preclinical resistance panel. Prevalence is computed against
the full TCGA-LUAD cohort (n = 585). ChEMBL record counts reflect mutation-annotated EGFR
assays for target CHEMBL203.

Mutation Class Cases Prev. (%) Mechanism (abridged)

L858R sensitizing 22 3.76  Activation-loop point mutation;
canonical driver; TKI-sensitive.

E746 AT750del sensitizing 18 3.08 Exon-19 in-frame deletion; most fre-
quent EGFR driver; highly TKI-
sensitive.

T790M resistance (gatekeeper) 2 0.34 Bulky gatekeeper; raises ATP affin-

ity; 1st/2nd-gen resistance; osimer-
tinib target.

C797S resistance (covalent) 0 0.00 Ablates Cys797 covalent anchor;
key 3rd-gen (osimertinib) resis-
tance.

L861Q uncommon sensitizing 3 0.51 Exon-21 activating; afa-
tinib /osimertinib responsive.

S7681 uncommon sensitizing 3 0.51 Exon-20 activating; variable TKI
sensitivity; often co-occurs with
L858R/G719X.

3.3 Structural basis of sensitivity and resistance from the osimertinib-bound
kinase domain

Geometric analysis of the osimertinib-EGFR complex (4ZAU) provided an atomic-resolution
rationale for each panel allele (Figure 6; Table 2). Thirteen residues line the ATP pocket within
4.5 A of the ligand. Osimertinib anchors to the kinase hinge through its 2-anilinopyrimidine core,
which donates and accepts hydrogen bonds to the backbone amide (N, 3.04 A) and carbonyl (O,
3.11 A) of Met793, mimicking the adenine—hinge interactions of ATP. Critically, the side-chain
sulphur of Cys797 lies 3.35 A from the acrylamide 3-carbon (C9)—the geometry of a pre-covalent
Michael-acceptor pose poised for irreversible thioether formation. This single measurement is
the structural crux of the entire resistance narrative: the C797S substitution replaces the soft,
nucleophilic thiol with a hard, poorly nucleophilic hydroxyl that cannot perform the Michael
addition, so covalent engagement is lost and binding reverts to weak, reversible association
(C797S is the closest panel residue to the ligand at 3.27 A; direct contact).

The remaining alleles act at a range of distances. The gatekeeper Thr790 sits 4.68 A from
the ligand at the back of the pocket; its mutation to methionine does not simply clash sterically
but enlarges the hydrophobic back pocket and raises ATP affinity, the mechanism that defeats
reversible first-generation inhibitors and which osimertinib circumvents through covalent binding.
In contrast, the activating drivers act allosterically from a distance: L858R (11.8A from ligand)
and L861Q (19.9 A) lie in the activation loop, where substitution disrupts the hydrophobic
packing that stabilises the autoinhibited state and shifts the conformational equilibrium toward
the active kinase; the exon-19 deletion (Glu746, 8.8 A) shortens the 83—-aC loop and tethers
the aC-helix in its active “in” orientation; and S768I (16.9 A) stabilises active-state aC packing.
None of these activating residues contacts the drug directly—they modulate ATP-site geometry
and the active/inactive equilibrium rather than the binding pose itself.
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Figure 6: Osimertinib binding pocket and resistance geometry in EGFR (PDB 4ZAU). Key
contacts include the Met793 hinge hydrogen bonds and the Cys797 Sy—acrylamide-f-carbon distance
(3.35 A) that defines the covalent warhead trajectory abolished by C797S. The native gatekeeper Thr790
(mutated to Met in resistant tumours) lies 4.68 A from the ligand. 4ZAU is wild-type EGFR at 2.8 A
resolution.

Table 2: Structural mapping of panel mutations onto the osimertinib-bound EGFR kinase
domain (4ZAU). Minimum heavy-atom distance from the wild-type residue to the ligand and the
dominant mechanistic effect. Direct ligand contact defined at < 4.5 A.

Mutation Region Min. dist. (A) Direct contact Dominant effect

C797S pocket lip 3.27 yes Loss of covalent Cys797 an-
chor.

T790M gatekeeper 4.68 no Enlarged back  pocket;
raised ATP affinity.

E746 _A750del B3-aC loop 8.81 no aC-in tethering; constitu-
tive activation.

L858R activation loop 11.82 no Destabilises inactive state;
activation.

S7681 aC-helix 16.92 no Active-state aC stabilisa-
tion.

L861Q activation loop 19.86 no Polar disruption of A-loop

packing; activation.

3.4 The chemotypexmutation potency matrix

Integrating the segregated bioactivity data against the panel produced the dual-format potency
matrix (Figure 7; Table 3). For the primary 4-anilinoquinazoline chemotype the matrix is
well populated (10 of 14 cells; 71.4 % coverage) and tells a coherent structure—activity story.
Best-in-class biochemical potency against sensitizing drivers is excellent: the series reaches
pActivity = 10.40 against exon-19 E746_A750del and pActivity = 9.45 against L858R (median
sensitizing biochemical pActivity = 7.91), comfortably clearing the pActivity > 8 (10nM) best-
in-class gate. Wild-type biochemical potency is pActivity = 7.79, and the sensitizing mutants
show essentially no fold-shift relative to WT (L858R ApActivity = —0.07; E746 A750del
ApActivity = —0.17), exactly as expected for a chemotype whose clinical members were selected
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on activity against these very alleles.

The resistance axis is where the series fails. Against the gatekeeper T790M, biochemical
potency collapses to a median pActivity = 6.40—a 24.2-fold (ApActivity = 1.38) erosion relative
to wild-type, well outside the < 10-fold tolerance the framework requires of a resistance-directed
lead. The C797S cell is nominally within tolerance (ApActivity = 0.07; 1.2-fold) but rests on only
three biochemical records (two compounds), so it cannot be regarded as robustly characterised;
the single cellular C797S measurement in fact shows a large potency loss (pActivity = 5.50),
underscoring the fragility of these sparse cells. Cell-free potency translated acceptably to
cellular potency for this chemotype (Pearson r = 0.55 across 86 paired compounds), clearing
the concordance gate and indicating that the series does not suffer catastrophic permeability or
efflux liabilities. The uncommon variants L861Q and S768I are entirely undetermined (ND)—no
ChEMBL records exist for either allele in either format—a data gap, not a favourable result.

The alternative pyrrolo[2,3-d]pyrimidine series is almost entirely uncharacterised against the
panel. Only the wild-type cells are populated (biochemical pActivity = 9.30, a genuinely high
intrinsic potency; a single cellular record at pActivity = 7.40), leaving 85.7 % of its matrix empty
(14.3% coverage). Its resistance profile is therefore undetermined, and no fold-resistance or
cell/biochemical concordance can be computed.

EGFR chemotype-mutation potency matrix (ChEMBL)
cell value = median pActivity; (Nx) = fold-resistance vs WT; ND = no ChEMBL data

Biochemical (cell-free) potency Cellular (cell-based) potency

more potent)

©
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Figure 7: Chemotypexmutation potency matrix. Dual-panel heatmap of median normalised
potency (pActivity = 9 — log;,uM) for the primary 4-anilinoquinazoline and alternative pyrrolo[2,3-
d|pyrimidine chemotypes across the six-mutation panel plus wild-type, in biochemical (cell-free) and
cellular formats. Undetermined cells (ND; no ChEMBL record) are shown distinctly. The gatekeeper
T790M column reveals the marked potency erosion of the 4-anilinoquinazoline series (24.2-fold vs WT);
the pyrrolo[2,3-d|pyrimidine series is populated only at wild-type.

Table 3: Median normalised biochemical and cellular potency (pActivity) by chemotype and
mutation. ND, not determined (no ChEMBL record). Fold-shift is the wild-type-to-mutant potency
ratio; values > 1 denote resistance.

Chemotype Format WT L858R E746del T790M C797S L861Q S768I1
. . . Biochem. 7.79 7.85 7.96 6.40 7.72 ND ND
4-anilinoquinazoline
Cellular 7.39  7.60 8.72 7.55 5.50 ND ND
. Biochem. 9.30 ND ND ND ND ND ND
pyrrolo|2,3-d|pyrimidine
Cellular  7.40 ND ND ND ND ND ND

3.5 Go/no-go verdicts

Applying the five quantitative gates (Table 4) returns an indication-resolved verdict for each
series (Table 5). The 4-anilinoquinazoline chemotype passes four of five gates: it clears best-
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in-class sensitizing potency (observed best pActivity = 10.40), C797S fold-resistance (nominal
1.2-fold), cell/biochemical concordance (r = 0.55) and coverage (71.4 %), but fails the T790M
fold-resistance gate (24.2-fold > 10-fold). The resulting verdict is therefore split by indication:
GO for a sensitizing-driver programme—this is a best-in-class scaffold against L858R and exon-19
deletions—and NO-GO for a resistance-directed programme, because its gatekeeper liability is
exactly the vulnerability that third-generation covalent inhibitors were created to solve. This
is not a contradiction but the central finding: a chemotype can be simultaneously excellent for
one indication and disqualified for another, and a framework that collapses the two into a single
verdict would obscure precisely the decision that matters.

The pyrrolo|2,3-d|pyrimidine alternative passes zero of five gates, failing on data coverage
alone (14.3% < 40 % required) before any potency question can be adjudicated. Its verdict is
NO-GO for both indications—not because the chemistry is poor (its wild-type potency is in
fact the highest in the dataset) but because its resistance profile is undetermined. The correct
programmatic action is not to advance or abandon it but to commission dedicated mutant-panel
profiling to populate the missing cells before a potency-based decision can be made.

Table 4: Go/no-go decision gates. Five explicit quantitative thresholds applied to each chemotype.

Gate Threshold Rationale

Best-in-class sensitizing potency pActivity > 8.0 (< 10nM) Lead must retain single-digit-nM cell-
free potency against > 1 canonical
driver to justify medicinal-chemistry

investment.
T790M fold-resistance < 10x (ApActivity < 1.0) Gatekeeper must not erode potency
by >~1 log for a T790M-active series.
C797S fold-resistance < 10x (ApActivity < 1.0) Covalent-resistance mutant must re-

main within ~ 1 log of WT; non-
covalent binding preferred.

Cell /biochemical concordance Pearson » > 0.5 Cell-free potency must translate to
cellular potency to de-risk permeabil-
ity /efflux.

Matrix coverage > 40 % cells populated Below this the resistance profile is un-
defined; series is NO-GO pending pro-
filing.
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Table 5: Indication-resolved go/no-go verdicts. Gate outcomes and final verdicts per chemotype.
Composite score is a weighted aggregate of potency, resistance and data-completeness terms.

Chemotype Potency T790M C797S Concord. Coverage
4-anilinoquinazoline (rank 1; composite 8.97) v X v v v
pyrrolo[2,3-d|pyrimidine (rank 2; composite 0.29) X X X X X

4 Discussion

We set out to make transparent a decision that preclinical EGFR programmes make constantly
but rarely document: which chemical series to profile against which resistance alleles, and on what
evidence. By integrating cohort genomics, public bioactivity data and inhibitor-kinase structure
into a single chemotypexmutation matrix and an explicit five-gate framework, we converted
that decision into an auditable, reproducible computation. The headline result—a GO for the
4-anilinoquinazoline scaffold against sensitizing drivers but a NO-GO against the T790M/C797S
resistance setting—recapitulates, from first principles and entirely from open data, the very
history that drove EGFR drug development from first- to third-generation inhibitors. That the
framework independently rediscovers this trajectory is a useful validation of its construction.

Structural interpretation of the resistance verdict. The framework’s rejection of the 4-
anilinoquinazoline series for a resistance-directed indication is not an arbitrary threshold effect; it
is underwritten by the structure. The 24-fold biochemical potency loss against T790M mirrors the
established mechanism by which the bulky gatekeeper methionine enlarges the hydrophobic back
pocket and raises ATP affinity [22|, defeating reversible ATP-competitive inhibitors regardless
of their intrinsic wild-type potency. Osimertinib circumvents this not by out-competing ATP
but by binding irreversibly—and our measurement of the Cys797 Sv to acrylamide-f-carbon
distance (3.35 A) in 4ZAU visualises exactly the covalent trajectory on which that strategy
depends [15, 19]. The corollary is the C797S liability: ablating the nucleophilic thiol removes the
anchor and collapses the third-generation advantage [20]. A chemotype that, like the classical
anilinoquinazolines, relies on ATP-competitive engagement of a pocket guarded by the gatekeeper
is therefore structurally the wrong starting point for a T790M /C797S-directed programme. The
rational alternatives—covalent warheads that survive T790M but remain C797S-vulnerable, or
allosteric, non-ATP-competitive chemotypes such as the EAI045 class that bind outside the
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gatekeeper’s reach [21]—are precisely the directions the field has pursued, and the framework
points toward them by exclusion.

Value and limits of an indication-resolved verdict. A single scalar ranking would have
flattened the most important feature of these data. The 4-anilinoquinazoline series is simul-
taneously best-in-class and disqualified, depending entirely on the therapeutic question asked.
By resolving verdicts by indication we preserve that distinction and make the go/no-go recom-
mendation actionable: advance the primary chemotype for a sensitizing-driver programme, do
not advance it against acquired resistance, and—for the high-potency but undercharacterised
alternative—commission profiling rather than guess. This treatment of an undetermined profile
as NO-GO-pending-data, never as favourable, is a deliberate conservative choice that guards
against the most common failure mode of automated triage: mistaking absence of evidence for
evidence of absence.

Limitations. Several limitations bound every conclusion and must be stated plainly. First,
assay heterogeneity: ChEMBL aggregates measurements from many laboratories using different
substrates, ATP concentrations, incubation times and readouts (Z’-Lyte, HTRF, autophosphory-
lation, MTT, and others), so absolute pActivity values are only semi-quantitatively comparable
across sources; median aggregation mitigates but does not eliminate this. Second, double-mutant
confounding: TTI0M is almost always assayed in ChEMBL as a double mutant (typically
L858R/T790M, its physiological context), so a record mentioning two panel residues contributes
to both columns and single-residue T790M potency cannot be cleanly isolated—the 24-fold
shift we report is best read as the potency of the series in the compound resistance context,
not as an isolated gatekeeper effect. Third, an unclassified-assay gap: 69 % of EGFR records
(19864 of 28 623) are BAO-unclassified and excluded from both matrices, reducing statistical
power especially for the sparse mutants. Fourth, sparse and ND cells: 1.861Q (< 2 records) and
S768I (0 records) have essentially no coverage for either chemotype, and even C797S rests on
very few measurements; these cells are undetermined, not favourable. Fifth, a wild-type prozy
limitation: W'T potency is inferred from assays lacking any mutation token, a minority of which
may involve generic constructs, so fold-shifts are approximate. Finally, and most importantly,
biochemical and cellular potency do not predict clinical efficacy, safety, pharmacokinetics or the
emergence of resistance in patients; all conclusions are restricted to in-vitro structure—activity
prioritisation. The structural analysis carries its own caveat: 4ZAU is wild-type EGFR, so
T790M and the mutant side chains are modelled mechanistically from the wild-type geometry
rather than observed directly, and the exon-19 loop (residues 747-750) is disordered.

Future directions. The most immediate extension is experimental: the framework’s principal
output is a prioritised list of cells to fill, and dedicated isogenic mutant-panel profiling—classically
in engineered Ba/F3 lines or high-throughput cellular systems [33, 34]—would convert the
undetermined regions of the matrix (the entire pyrrolo|2,3-d|pyrimidine resistance profile; L861Q
and S768] for both chemotypes) into decision-grade data. Computationally, incorporating the
69 % of unclassified records through a trained assay classifier, extending the panel to compound
resistance genotypes and bypass mechanisms such as MET amplification [10, 11|, and coupling
the matrix to free-energy or docking predictions against explicitly mutated kinase models would
all sharpen the resolution of the resistance axis. Linking the cohort-genomic layer more tightly
to the harmonised multi-omic resources of the Genomic Data Commons [26, 28] would further
allow prevalence weighting of the panel by co-mutation context.

Conclusion. From three public data resources and open-source cheminformatics we built
a transparent, reproducible chemotypexmutation potency matrix and an explicit go/no-go
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framework for preclinical EGFR lead-series nomination. The framework nominates the 4-
anilinoquinazoline scaffold as a best-in-class sensitizing-driver series while correctly disqualifying
it for a T790M/C797S-directed indication, and it flags the high-potency pyrrolo|2,3-d|pyrimidine
alternative as requiring dedicated profiling before any verdict. We reiterate, unambiguously, that
this analysis prioritises chemical series for laboratory research only: it does not recommend,
endorse or advise any therapy, drug, dose or clinical action for any patient, and must not be used
for clinical decision-making.

Data and resource availability

All primary data are public: TCGA-LUAD somatic mutations and RNA-seq via the NCI Genomic
Data Commons (https://portal.gdc.cancer.gov; Data Release 45.0); EGFR bioactivities
via ChEMBL (target CHEMBL203; https://www.ebi.ac.uk/chembl); and the osimertinib-
bound EGFR structure via the RCSB Protein Data Bank (entry 4ZAU; https://www.rcsb.org).
Cheminformatics used RDKit [35] and structural geometry used Biopython.
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