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Abstract

Variants of unknown significance (VUSs) constitute most variants detected by cancer genomic profiling,
limiting the clinical application of precision oncology. We developed a systematic framework that
integrates cross-gene mutation mapping across 41 receptor tyrosine kinase genes with Al-driven
pathogenicity prediction. By mapping 32,462 kinase-domain mutations from the AACR Project GENIE
database onto a consensus sequence, we identified conserved cross-gene hotspots. Al-based
stratification using AlphaMissense and PrimateAl-3D identified the activation-loop hotspot as a reservoir
of uncharacterized candidate drivers, in contrast to the passenger-enriched back-loop hotspot. We
prioritized and functionally validated FGFR2 D650G, a VUS that exhibited constitutive kinase activity and
sensitivity to the FDA-approved FGFR inhibitors erdafitinib and futibatinib comparable to those of the
established driver FGFR2 N549K. This computation-to-validation approach may facilitate the
prioritization and functional assessment of overlooked VUSs as candidate actionable therapeutic
targets, highlighting the value of integrating evolutionary conservation with Al prediction.

Introduction

Next-generation sequencing has transformed cancer care by enabling the identification of oncogenic
driver mutations that are amenable to targeted molecular therapies' 3. This precision oncology
paradigm relies on accurate functional annotation of genetic variants to guide treatment decisions.
However, a critical bottleneck remains: approximately 90% of variants detected through clinical
sequencing are classified as variants of unknown significance (VUSs), creating a substantial barrier to
translating genomic data into effective targeted therapies*~®. Therefore, distinguishing the relatively
small number of functionally relevant driver mutations from the vast majority of neutral passenger
mutations remains a central challenge in precision oncology.

Traditionally, driver mutations have been identified based on their recurrent occurrence within individual
genes across cancer cohorts. However, this gene-centric perspective may overlook important
dimensions of oncogenesis. As proposed by Miller et al., selective pressures in cancer may operate not
only at the level of individual genes but also on specific molecular functions conserved across gene
families’. They demonstrated that cancer-associated mutations frequently cluster within conserved
protein domains, particularly among receptor tyrosine kinases (RTKs), which are key regulators of cell
proliferation, differentiation, and survival. The kinase domain of RTKs, which mediates ATP-dependent
phosphorylation and downstream signal transduction, is a well-established hotspot for activating
mutations in genes such as EGFR, KIT, FLT3, RET, and FGFR2; these findings have directly supported the
development of targeted inhibitors®~2. These observations suggest that mutations occurring at
functionally equivalent positions across distinct RTK genes may converge on shared oncogenic
mechanisms.

A cross-gene analytical approach is therefore needed to systematically uncover such patterns. Recent
advances in artificial intelligence have also provided tools for predicting the pathogenicity of genetic
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variants. Al-based pathogenicity prediction methods, including AlphaMissense, which leverages deep
learning informed by protein structure and evolutionary conservation, and PrimateAl-3D, which is trained
on genetic variation across 233 primate species, have shown utility for variant classification without
relying on potentially biased clinical annotations'3'4. Consistent with this approach, previous work has
used real-world data and AlphaMissense to improve the interpretation of VUSs'>6.

In this study, we hypothesized that integrating cross-gene hotspot analysis with structure-informed Al-
based pathogenicity prediction would enable effective filtering of the extensive VUS landscape to
identify candidate functionally relevant driver mutations. We developed a framework that maps tens of
thousands of RTK mutations from the AACR Project GENIE cohort onto a consensus kinase-domain
sequence, identifies cross-gene mutation hotspots, and prioritizes candidate VUSs using AlphaMissense
and PrimateAl-3D. Through this systematic approach, we identified and functionally validated FGFR2
D650G as a previously unrecognized candidate driver mutation with sensitivity to FGFR inhibitors,
thereby demonstrating the potential of our strategy to expand the repertoire of candidate actionable
targets in precision oncology.

Results

Pan-cancer mapping of kinase-domain mutations
identifies conserved hotspots

To systematically identify functionally constrained regions across the receptor tyrosine kinase (RTK)
family, we analyzed 32,462 missense mutations and in-frame insertions/deletions (indels) across 41
RTK genes using data from the AACR Project GENIE database versions 14.0-public and 14.1-public’”18.
By mapping these variants onto a consensus kinase-domain sequence derived from multiple sequence
alignment, we generated a unified mutational landscape comprising 403 aligned residues (ARs) (Fig. 1A
and Supplementary Table S1). The cross-gene analysis showed that regions with higher pathogenicity
scores, as assessed using AlphaMissense (Fig. 1C and Supplementary Table S2) and PrimateAl-3D

(Fig. 1D and Supplementary Table S3), tended to coincide with highly conserved amino-acid positions
(Fig. 1B). Consistent with this finding, the observed somatic mutations were enriched at conserved sites,
indicating that mutations preferentially occurred at positions with high pathogenicity scores rather than
being randomly distributed across the kinase domain. After excluding non-reproducible solitary
mutations, we identified six major mutation hotspots, each accumulating more than 500 mutations
across multiple cancer types: AR 47-48 within the B-sheet Il region, AR 78 in the back-loop, AR 99 at the
gatekeeper residue, and AR 271 and AR 274 within the activation loop (Fig. TA and 1E). The concordant
alignment of well-established driver mutations, such as EGFR L858R at AR 271 and EGFR T790M at AR
99, supported the ability of this consensus framework to capture functionally equivalent positions
across diverse kinases.
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Characterization of hotspots reveals distinct driver/VUS
compositions

We next examined the genetic composition of these hotspots to prioritize regions harboring potentially
overlooked candidate driver mutations (Fig. 2A). We deprioritized three hotspots based on predefined
criteria. AR 48 (B-sheet Ill) and AR 271 (activation loop) were each dominated by mutations originating
from a single gene—EGFR exon 19 deletions and EGFR L858R, respectively—and therefore lacked cross-
gene diversity. Although AR 99 (gatekeeper) harbored mutations from multiple RTK genes, it was
predominantly composed of EGFR T790M and analogous gatekeeper-type substitutions, which represent
a well-characterized resistance mechanism that is functionally distinct from gain-of-function driver
mutations. These three hotspots therefore offered limited opportunity for novel driver discovery’®2". We
therefore further examined the composition of the remaining hotspots—AR 47, AR 78, and AR 274—each
of which harbored mutations from multiple RTK genes (Fig. 2B). Although AR 47 (B-sheet Ill) harbored
mutations from diverse RTK genes, its composition was predominantly accounted for by EGFR exon 19
deletions (E746_A750 del) in non-small-cell lung cancer (Fig. 2B and Supplementary Figure S1A). By
contrast, AR 78 (back-loop) and AR 274 (activation loop) displayed heterogeneous compositions, with
contributions from more than 15 distinct RTK genes and a mixture of established driver mutations and
VUSs spanning a broad range of cancer types (Fig. 2B and Supplementary Figure S1B, C). Specifically,
AR 78 harbored known drivers, such as FGFR1 N546K, alongside recurrent VUSs, including ALK
R1181C%%23. Similarly, AR 274 contained established drivers, such as KIT D816V and EGFR L861Q, that

co-occurred with numerous VUSs, including FGFR4 G636S, FGFR2 D650G, and PDGFRB D850V242°, This
heterogeneous composition suggests that these two hotspots represent conserved, potentially
functionally relevant positions that are recurrently targeted by mutations across a broad spectrum of
kinases.

Al-based prediction distinguishes candidate functional drivers from
passengers

To distinguish candidate functional driver mutations from passenger VUSs within these prioritized
hotspots, we applied the pathogenicity prediction algorithms AlphaMissense and PrimateAl-3D'314. This
analysis revealed a clear predicted functional divergence between AR 78 (Fig. 3A) and AR 274 (Fig. 3B).
Evaluation using both tools classified annotated driver mutations as pathogenic. At the back-loop
hotspot (AR 78), despite the high mutation counts, most VUSs (e.g., ALK R1181C, EPHB1 R682C, and
NTRK1 R574C) were categorized as likely benign by AlphaMissense (e.g., AlphaMissense score < 0.34),
suggesting that this region may tolerate passenger mutations (Fig. 3A, Supplementary Figure S2A and
S2B, and Supplementary Tables S2 and S3). In contrast, at the activation-loop hotspot (AR 274), 85% of
VUSs were classified as likely pathogenic (AlphaMissense score > 0.564). VUSs such as FGFR2 D650G
(score 0.89) and PDGFRB D850V (score 0.86) received high pathogenicity scores comparable to those of
established driver mutations (Fig. 3B, Supplementary Figure S2C and S2D, and Supplementary Tables
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S2 and S3). This Al-based stratification supported deprioritization of AR 78, which contained variants
predicted to have limited functional impact, and prioritization of AR 274 as a reservoir of previously
uncharacterized candidate driver mutations, such as FGFR2 D650G and PDGFRB D850V.

Functional and therapeutic assessment of FGFR2 D650G

We next functionally assessed the oncogenic potential and therapeutic sensitivity of the prioritized
candidates FGFR2 D650G and PDGFRB D850V. In vitro functional assays using HEK293H cells
demonstrated that both FGFR2 D650G and PDGFRB D850V conferred ligand-independent
autophosphorylation and downstream ERK activation at levels comparable to those of the established
driver mutations FGFR2 N549K and PDGFRB N666K relative to wild-type (WT) controls (Fig. 4A and 4B).
Furthermore, analysis of clinical sequencing data from the GENIE dataset revealed that FGFR2 D650G
exhibited a significantly elevated variant allele frequency (mean VAF: 0.438, P = 0.0086), consistent with
positive selection during tumor evolution (Supplementary Figure S3 and Supplementary Table S5)2°.
FGFR2 D650G phosphorylation was suppressed by treatment with the FDA-approved FGFR inhibitors
futibatinib and erdafitinib, with IC5, values of approximately 45 nM for futibatinib (vs. 122 nM for N549K)
and approximately 88 nM for erdafitinib (vs. 1,603 nM for N549K) (Fig. 4C)'%>?. Because our analysis
focused on mutation accumulation within the kinase domain, we performed functional experiments
using recombinant FGFR2 kinase-domain proteins to assess the efficacy of FGFR kinase inhibitors.
These experiments showed that inhibitor treatment suppressed phosphorylation of the recombinant
FGFR2 kinase domain harboring D650G as well as that harboring N549K (Fig. 4D). Taken together, these
findings indicate that the FGFR2 D650G mutation exhibited ligand-independent activation and may
represent a potential target for FGFR tyrosine kinase inhibitors.

Discussion

In this study, we addressed a central challenge in precision oncology—the interpretation of VUSs—by
establishing a systematic framework that integrates cross-gene mutation mapping with Al-driven
pathogenicity prediction. Whereas traditional gene-centric analyses may fail to detect rare driver
mutations because of limited statistical power and sample availability, our approach leverages
functional redundancy within the kinase domain to aggregate statistical power across the RTK family. By
redefining somatic mutations according to their homologous positions within a consensus kinase
sequence, referred to as aligned residues, rather than according to gene-specific coordinates, we
identified candidate driver mutations that might otherwise be dismissed as background noise. The
identification and functional validation of FGFR2 D650G as a candidate drug-sensitive driver mutation
provide proof of concept that this multimodal strategy can help expand the landscape of candidate
actionable therapeutic targets in precision oncology.

Our findings underscore the value of integrating hotspot analysis with Al-based pathogenicity prediction.
Previous studies, including those by Miller et al., have highlighted the importance of domain-level
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mutation hotspots in cancer’. However, our analysis suggests that physical clustering alone may be
insufficient to define pathogenicity. For example, the back-loop hotspot (AR 78) accumulated a high
number of mutations, many of which were predicted to be benign passengers. By overlaying
AlphaMissense and PrimateAl-3D predictions onto these cross-gene hotspots, we characterized their
internal composition and distinguished predicted low-functional-impact hotspots, such as AR 78, from
predicted high-functional-impact hotspots, such as AR 274. This stratification may help prioritize
candidates for experimental validation and highlights the utility of Al-based approaches as high-
throughput filters for identifying variants less likely to have functional effects.

The identification of FGFR2 D650G may have clinical implications after further validation. Our functional
assays demonstrated that this mutant was constitutively active and sensitive to the FDA-approved FGFR
inhibitors erdafitinib and futibatinib, similar to the well-characterized FGFR2 N549K driver'22/. This
inhibitor sensitivity raises the possibility that FGFR2 D650G, currently classified as a VUS, could warrant
further evaluation as a candidate biomarker for FGFR-targeted therapies. Collectively, these findings
highlight the capacity of our workflow to identify overlooked variants that may represent promising
candidates for further precision-oncology investigation.

Although this study focused on the RTK family, the principles underlying our framework may be
applicable to other enzyme families with conserved catalytic domains, including serine/threonine
kinases, phosphatases, and additional signaling molecules. One limitation of the present study is its
reliance on computational predictions, which were supported by the functional validation of selected
candidates but still require broader experimental and clinical confirmation for translation. In addition,
because our experimental validation was restricted primarily to FGFR2 D650G, integration with higher-
throughput functional assays may enable the systematic identification and characterization of a broader
spectrum of candidate driver mutations. In conclusion, reanalyzing existing genomic datasets using Al-
based strategies may help prioritize rare genetic alterations for functional validation and therapeutic
investigation in precision oncology.

Materials and methods

Data acquisition and mutation selection

Mutation data were obtained from the American Association for Cancer Research (AACR) Project GENIE,
a publicly available pan-cancer registry containing clinical-grade genomic data from more than 100,000

patients with cancer across more than 100 tumor types'’'®. We downloaded variant information for 58
genes belonging to the HUGO Gene Nomenclature Committee (HGNC) receptor tyrosine kinase (RTK)
group and RTK subgroup from GENIE cohort versions 14.0-public and 14.1-public accessed in October

202428, From these data, we extracted missense mutations and in-frame insertions/deletions (indels)
located within the annotated kinase domain of each gene. Kinase-domain boundaries were defined

according to UniProt annotations?®. After applying quality filters, including removal of duplicates and
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variants with missing positional information, we retained 32,462 mutations across 41 RTK genes for
subsequent analysis.

Multiple sequence alignment and consensus-sequence generation

Amino-acid sequences corresponding to the kinase domains of all 41 RTK genes were retrieved from
UniProt. Multiple sequence alignment (MSA) was performed using the ClustalW algorithm (version 2.1)
with default parameters3®3'. The resulting alignment generated a consensus sequence of 403 positions,
designated as aligned residues (ARs) numbered 1 through 403. Conserved structural motifs of the
kinase domain, including the glycine-rich loop (P-loop), catalytic loop (HRD motif), DFG motif, and
activation loop, were mapped onto the consensus sequence according to established kinase structural

annotationss2.

Cross-gene mutation mapping and hotspot identification

Individual mutations were mapped to their corresponding AR positions based on the MSA. To prevent
overestimation of clustering due to sequencing artifacts or germline polymorphisms, we included only
mutations observed in two or more independent samples in aggregation analyses. Mutation hotspots
were identified using two criteria: (i) the total mutation count at each AR position and (ii) the number of
distinct RTK genes contributing mutations at that position. This two-dimensional evaluation was
visualized using scatter plots, and positions accumulating > 500 total mutations from = 15 genes were
designated as significant cross-gene hotspots. For each identified hotspot, constituent mutations were
annotated according to OncoKB classification as established driver mutations or variants of unknown

significance (VUSs)®>.

Al-based pathogenicity prediction

Pathogenicity predictions for all possible single-amino-acid substitutions (19 missense variants x
number of residues) at constituent gene positions within the identified hotspots were obtained using
AlphaMissense'3. AlphaMissense scores were downloaded from the publicly available AlphaMissense
database (https://alphamissense.hegelab.org). Variants were classified according to the published
thresholds as likely pathogenic (score = 0.564), ambiguous (score 0.34-0.564), or likely benign (score <
0.34). For comparison, we also obtained predictions from PrimateAl-3D'4, a semi-supervised three-
dimensional convolutional neural network trained on 4.3 million common primate variants.

Variant allele frequency analysis

Variant allele frequencies (VAFs) for mutations at significant hotspots were extracted from the GENIE
dataset. VAF distributions are shown as box plots. Mean VAFs were compared between established
driver mutations and VUSs using two-tailed Student's t-tests. Statistical significance was defined as P <
0.05. Only VUSs with = 10 independent observations were included in statistical comparisons.
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Plasmid construction and mutagenesis

The wild-type FGFR2 expression plasmid pHAGE-FGFR2 (Addgene plasmid #116741) was obtained from
Addgene®3. Site-directed mutagenesis was performed using the QuikChange Lightning Site-Directed
Mutagenesis Kit (Agilent Technologies, #210518) according to the manufacturer's protocol. The D650G
mutation (GAT—GGT) was introduced to generate pHAGE-FGFR2-D650G, and the N549K mutation
(AAC—AAG) was introduced as a positive control. The kinase-dead K517R mutation was generated as a
negative control34. All constructs were verified by Sanger sequencing. Plasmid DNA was prepared using
the HiSpeed Plasmid Maxi/Midi Kit (QIAGEN, #12643). The primer sequences are provided in
Supplementary Table Sé6.

Cell culture and transient transfection

HEK293H cells (Thermo Fisher Scientific, #11631017) were maintained in Dulbecco's Modified Eagle
Medium (DMEM) supplemented with 10% fetal bovine serum (FBS), 100 U/mL penicillin, and 100 pg/mL
streptomycin at 37°C in a humidified atmosphere containing 5% CO,. For transfection experiments, cells
were seeded in 6-well plates at 0.5 x 108 cells/well in DMEM containing 5% FBS and cultured overnight to
achieve 70%—90% confluence. Transfections were performed using Lipofectamine 3000 Reagent
(Thermo Fisher Scientific, #3000015) according to the manufacturer's protocol. Plasmid DNA (1.0 ug for
wild-type FGFR2 and 2.0 pg for mutant constructs) and P3000 Reagent (2 pL per ug DNA) were diluted in
125 pL Opti-MEM. Lipofectamine 3000 (3.75 pL) was diluted in 125 pL Opti-MEM. The solutions were
combined, incubated for 10 min at room temperature, and added to cells in serum-free DMEM. At 24 h
post-transfection, the medium was replaced with serum-free DMEM. Cells were harvested 48 h post-
transfection.

Protein production

Recombinant baculovirus was generated using the flashBAC ULTRA system (Oxford Expression
Technologies, Oxford, UK). Briefly, Sf9 insect cells (Thermo Fisher Scientific, #12659017) in Sf-900 II
serum-free medium (Thermo Fisher Scientific) were seeded at a density of 1 x 10° cells/well in 6-well
plates. The cells were co-transfected with the pBacPAK-GST-FGFR2 transfer plasmid encoding residues
456-768 and flashBAC ULTRA viral DNA using Cellfectin Il transfection reagent (Thermo Fisher
Scientific) in Sf-900 Il serum-free medium. The resulting P1 viral supernatant was harvested 5 days post-
transfection. To generate a high-titer stock, the virus was amplified for two additional passages (P2 and
P3) by infecting larger-scale suspension cultures of Sf9 cells. The final P3 viral stock was harvested by
centrifuging the culture at 12,000 x g for 10 min at 4°C, and the supernatant was stored at 4°C protected
from light.

For protein production, Sf9 cells in suspension culture were infected with the P3 baculovirus stock. Cells
were harvested 72 h post-infection and lysed by sonication. The GST-tagged FGFR2 kinase domain (KD)
was purified from the clarified lysate by incubation with glutathione Sepharose 4B resin (Cytiva,
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Marlborough, MA, USA). The purified proteins were stored at 4°C and used for biochemical assays within
72 h.

Drug treatment

For inhibitor-sensitivity assays, the FDA-approved FGFR inhibitors erdafitinib (#S8401) and futibatinib
(#S8848) were purchased from Selleck Chemicals and dissolved in DMSO to prepare 10 mM stock
solutions. At 24 h post-transfection, the culture medium was replaced with serum-free DMEM containing
inhibitors at the indicated concentrations (0, 10, 100, 1,000, and 10,000 nM). The final DMSO
concentration was maintained at 0.1% across all conditions. Cells were harvested after 24 h of drug
exposure.

Western blot analysis

Cells were washed twice with ice-cold PBS and lysed in RIPA buffer supplemented with Halt Protease
and Phosphatase Inhibitor Cocktail (Thermo Fisher Scientific, #78442). Protein concentrations were
determined using the Pierce 660 nm Protein Assay Reagent (Thermo Fisher Scientific, #22660). Equal
amounts of protein (20 ug) were resolved on 4%-20% Mini-PROTEAN TGX Precast Protein Gels (Bio-Rad,
#4561086) and transferred to PVDF membranes (Bio-Rad, #1704157). Membranes were blocked with
PVDF Blocking Reagent (TOYOBO, #NYPBRO1) for 1 h at room temperature. Primary antibodies, all from
Cell Signaling Technology and diluted 1:1,000, were as follows: FGFR2 (#11835), phospho-FGFR
(Tyr653/654; #3471), p44/42 MAPK (Erk1/2; #9102), phospho-p44/42 MAPK (Thr202/Tyr204; #4370),
and B-actin (#3700). HRP-conjugated secondary antibodies (anti-rabbit IgG, #7074; anti-mouse IgG,
#7076) were diluted 1:6,000. Protein bands were visualized using enhanced chemiluminescence reagent
and imaged using the iBright Imaging System 1500 FL (Thermo Fisher Scientific).
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Figure 1

Kinase-domain consensus sequence and mutational landscape across 41 receptor tyrosine kinases
(RTKs).

Consensus sequences were generated by multiple sequence alignment of kinase domains from 41
genes registered in the AACR Project GENIE database (v14.0-public and v14.1-public). (A) Distribution of
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accumulated mutations across aligned residues (ARs) (n = 32,462); ARs with >500 mutations are
indicated as hotspots. (B) Amino-acid composition at each AR in the 41-RTK consensus sequence
(bottom), with the most frequent residue at each AR shown as a bar plot (top). (C) Heatmap of the mean
AlphaMissense pathogenicity prediction scores for all 19 possible missense substitutions per position.
(D) Heatmap of the mean PrimateAl-3D pathogenicity prediction scores for all possible single-nucleotide
substitution patterns per position. (E) Common functional motifs in the kinase domain mapped to AR
coordinates: B-sheets | (AR 5-7), Il (AR 14-17), Il (AR 43-48), IV (AR 79-82), V (AR 96-98), VI (AR 240-
242), VIl (AR 251-253), and VIII (AR 266); glycine-rich loop (AR 8-13); aC-helix (AR 59-69); back loop
(AR 70-71 and 74-78); gatekeeper residue (AR 99); hinge region (AR 100-102); linker region (AR 103-
106); aD-helix (AR 107-113); aE-helix (AR 235-239); catalytic loop (AR 243-250); DFG motif (AR 268-
270); and activation loop (AR 271-311). AR positions 1-403 are shown along the bottom.
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Figure 2

Hotspot residues mapped by mutation count and gene diversity.

(A) Scatter plot of hotspot residues showing the number of contributing genes and total mutation count.
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Mutation counts were aggregated across all cancer types; sites were included when at least two
mutations mapped to the same AR. (B) OncoKB-based annotations of hotspot composition at AR 47
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(left), AR 78 (middle), and AR 274 (right). The inner pie charts show the proportions of driver alterations
and variants of unknown significance (VUSs), with the total numbers of mutations and genes indicated.
The outer pie charts show the distribution of genes with mutated residues, and the bottom bar charts
show genes with mutated residues classified as VUSs. To avoid overestimating aggregation and to

ensure reproducibility, only variants detected in at least two samples were included in the analysis. The
asterisk indicates E746_A750 del.
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Figure 3

Distinguishing driver and passenger mutations using Al-driven pathogenicity predictions.

Scatter plots show the pathogenicity scores of mutations at AR 78 (A) and AR 274 (B) generated using
AlphaMissense and PrimateAl-3D. Mutations are color-coded according to prediction outcomes:
pathogenic by both tools (red), benign by both tools (blue), pathogenic by AlphaMissense and benign by
PrimateAl-3D (purple), benign by AlphaMissense and pathogenic by PrimateAl-3D (green), and
ambiguous or lacking predictions from either tool (gray). Driver mutations annotated by OncoKB are
highlighted with black borders. VUSs with higher mutation counts and VUSs predicted as pathogenic by
both tools are labeled.
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Figure 4

Gain-of-function activity and inhibitor sensitivity of FGFR2 D650G.

(A) Phosphorylation analysis of FGFR2 variants by immunoblotting. 293H cells were transfected with
FGFR2 D650G, with wild-type (WT), K517R (loss-of-function), and N549K (gain-of-function) variants used
as controls. FGFR2 phosphorylation and downstream ERK activation were assessed. (B)
Phosphorylation analysis of PDGFRB variants by immunoblotting. 293H cells were transfected with

PDGFRB D850V, with wild-type (WT), L658P (loss-of-function), and N666K (gain-of-function) variants
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used as controls. PDGFRB phosphorylation and downstream ERK activation were assessed. (C) Effects
of FGFR inhibitors on phosphorylation of activated FGFR2 variants. 293H cells expressing FGFR2 N549K
or D650G were treated with erdafitinib or futibatinib, and inhibition of FGFR2 phosphorylation and ERK
activation was evaluated by western blotting. (D) In vitro kinase-domain phosphorylation assay. Purified
recombinant FGFR2 kinase-domain proteins (aa 456—768) harboring N549K or D650G, expressed using
a baculovirus expression system, were treated with erdafitinib or futibatinib, and phosphorylation was
assessed in a concentration-dependent manner.
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