
Asian Pacific Journal of Cancer Prevention, Vol 27 3411

DOI:10.31557/APJCP.2026.27.9.3411
α-Chaconine as mutant PI3Kα Inhibitor

Asian Pac J Cancer Prev, 27 (9), 3411-3419 

Introduction

Breast cancer is the second leading cause of death 
among women globally. In 2023, the number of women 
diagnosed with breast cancer was estimated at 2.3 million 
cases, according to a World Health Organization report. 
Several treatments, including chemotherapy, surgery, 
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radiation, and immunotherapy, are used to eliminate breast 
cancer cells [1]. However, treatment failure has been 
associated with cancer cell progression, resistance, and 
metastasis [2]. Chemotherapy resistance and metastasis are 
partly driven by breast cancer stem cells (BCSCs), which 
possess stem cell-like self-renewal and differentiation 
capabilities [3]. BCSCs also exhibit aberrant activation 
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of various signaling pathways, including interleukin-6/
signal transducer and activator of transcription 3, 
phosphatidylinositol 3-kinase/protein kinase B (PI3K/Akt), 
and Notch [4, 5]. Thus, BCSC-targeted therapy is crucial 
for improving chemotherapy outcomes. 

The PI3K/Akt pathway is regulated by the catalytic 
PI3Kα enzyme, which facilitates the phosphorylation 
of  phosphat idyl inos i to l  4 ,5-b isphosphate  to 
phosphatidylinositol 3,4,5-triphosphate using ATP and 
activates downstream signaling pathways related to 
cancer, including Akt and mechanistic target of rapamycin 
[6]. PI3Kα comprises a catalytic subunit (p110α) and a 
regulatory subunit (p85α), encoded by the PIK3CA and 
PIK3R1 genes, respectively. Phosphoinositide 3-kinase 
catalytic subunit alpha (PIK3CA) is one of the most 
frequently mutated genes involved in abnormal activation 
of the PI3K/Akt pathway [7]. Due to its critical role in 
cancer progression, PI3Kα has emerged as an important 
therapeutic target. Currently, several PI3K inhibitors have 
been developed for cancer therapy, such as alpelisib, 
inavolisib, and taselisib. Alpelisib has demonstrated 
clinical efficacy in various PIK3CA mutations [8]. 
Inavolisib (GDC-0077) is advancing into Phase III 
clinical trials for breast cancer treatment [9]. Taselisib 
has shown improved efficacy and tolerability in clinical 
trials involving patients with PIK3CA mutations [10]. 
Despite significant advances in the development of PI3K 
inhibitors, limitations such as adverse effects (including 
hyperglycemia, rash, and diarrhea) and drug resistance 
persist [11]. Consequently, there is a continued need to 
identify more effective and selective PI3Kα inhibitors for 
various PI3K mutants.

The use of phytochemical compounds for breast 
cancer therapy has recently emerged as a promising 
approach. One such compound, α-chaconine (CHA), is a 
glycoalkaloid compound found in potatoes. CHA has been 
shown to induce apoptosis, inhibit ERK signaling, and 
activate caspase-3 in HT-29 colon carcinoma cells [12]. 
Combined treatment with CHA and trastuzumab reduces 
HCC1954-TRZ cell viability and increases sensitivity to 
trastuzumab [13]. CHA has also been reported to decrease 
metastasis in A549 lung cancer cells via the PI3K/Akt 
signaling pathway [14] and to reduce Akt and estrogen 
receptor alpha expression in RL-95-2 endometrial cancer 
cells [15]. These findings suggest CHA’s potential as a 
PI3Kα inhibitor. However, the interaction of CHA with 
the PI3Kα structure and its effects on different PI3Kα 
mutants have not yet been explored. Therefore, this study 
investigates the inhibitory effect of CHA on PI3Kα.

Nowadays, bioinformatics approaches are widely 
employed to accelerate pharmaceutical research, including 
mutant prediction and molecular dynamics simulation. 
Mutant prediction is used to assess the impact of mutations 
on protein stability, which plays a major role in disease 
pathogenesis [16]. In this study, we aimed to investigate 
the CHA interactions with mutated PI3Kα using an in 
silico approach. PIK3CA mutations in breast cancer 
were identified using cBioPortal, and the mutation data 
were analyzed using Mutpred2 to identify structural and 
functional alterations. The wild-type and mutant p110α 
structures were modeled using SWISS-MODEL and 

evaluated using PROCHECK and ERRAT. Molecular 
docking was performed to predict the interaction between 
candidate compounds and target proteins. Molecular 
dynamics simulations were conducted to assess the 
stability of the protein-ligand complex over time, playing a 
crucial role in predicting the stability of the protein-ligand 
complex [17]. 

Materials and Methods

Identification of PIK3CA mutations
Major mutations in PIK3CA were identified through 

cBioPortal (https://www.cbioportal.org/) [16]. The 
PIK3CA gene was queried within breast cancer studies. 
The top three mutations with the highest frequency among 
patients were selected for further structural and functional 
prediction analysis using Mutpred2 (https://mutpred.
mutdb.org/). A threshold of 0.5 was used to classify the 
variants: scores greater than 0.5 were considered disease-
associated, whereas scores less than 0.5 were considered 
benign [18, 19].

Three-dimensional modeling of proteins
The PIK3CA amino acid sequences (Uniprot ID: 

P42336) were retrieved from the Uniprot database 
(https://www.uniprot.org/). The three-dimensional (3D) 
structure of the protein was generated using the SWISS-
MODEL homology-modeling server (https://swissmodel.
expasy.org) [20]. The modeled protein structure was 
superimposed onto the crystal structure of 2RD0 using 
UCSF Chimera to assess similarity with the experimental 
structure.

Protein evaluation
Validation of the SWISS-MODEL-generated 3D 

structure was performed using PROCHECK and ERRAT 
tools available on the SAVES v6.0 server (https://
saves.mbi.ucla.edu/) [21, 22]. PROCHECK evaluates 
stereochemical quality through Ramachandran plot 
analysis, while ERRAT assesses non-bonded atomic 
interactions to identify potential structural errors.

Molecular docking
The ligand structure was obtained from the PubChem 

database and converted into a 3D structure using Marvin 
Sketch. The ligand and protein structures were prepared 
for molecular docking using BIOVIA Discovery Studio 
2024 by adding hydrogen atoms and assigning charges. 
AutoDock Tools 1.5.7 was used for docking, with grid 
box coordinates set at x = 60.737, y = 58.566, and z = 
112.281, and a grid size of 40 × 40 × 40 Å, as determined 
in a previously published study [23]. Molecular docking 
was performed to evaluate ligand-PI3K interactions and 
estimate binding free energy. 

Molecular dynamics simulations
GROMACS 2024.4 was used to perform molecular 

dynamics (MD) simulations on protein-ligand complexes 
obtained from molecular docking. The CHARMM36 force 
field was applied to parameterize both protein and ligand 
properties. The pdb2gmx tool was used to generate the 
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Three-dimensional modeling and evaluation of proteins
This study aimed to evaluate the potential of CHA as 

a PI3Kα inhibitor in both wild-type and mutant forms. 
Homology modeling was employed due to the lack of 
experimentally resolved structures for p110α mutants. 
The p110α structures were generated using SWISS-
MODEL and superimposed onto the crystal structure 
of 2RD0 (Figure 1C). The results were evaluated using 
the PROCHECK web-based program to generate 
Ramachandran plots and assess the energetically feasible 
regions of the p110α model and the ERRAT web server to 
assess the overall quality factor. Ramachandran plots for 
the wild-type and mutant p110α structures are presented 
in Supplementary Figure 1A–D. The quality of 3D 
structures of PIK3CA was further validated using both 
Ramachandran analysis and ERRAT (Supplementary 
Table 2). In the Ramachandran plot of the wild-type, 
E542K, and E545K p110α mutant, 92.8% of residues were 
located in the most favorable regions, while 7.0% and 
0.2% were found in additionally allowed territories and 
regions, respectively. Notably, no residues (0.0%) were 
present in disallowed regions. These findings indicate 
strong structural integrity of the p110α models.

Molecular docking
Molecular docking was performed using AutoDock 

4.2 to evaluate the binding affinities of alpelisib and CHA 
with p110α in wild-type and hotspot mutants, including 
E542K, E545K, and H1047R. The results (Table 2) showed 
variations between wild-type and mutant models. The 
conventional PI3K inhibitor alpelisib exhibited a binding 
energy of −10.29 kcal/mol with wild-type p110α, forming 
hydrogen bonds with Lys802, Val851, Ser854, and Gln859 
residues. For the mutant p110α, the binding energies were 
−10.21 kcal/mol (E542K), −10.38 kcal/mol (E545K), 
and −10.27 kcal/mol (H1047R), with hydrogen bonding 
primarily involving Val851, Ser854, and Gln859 residues. 
The binding interactions of alpelisib with wild-type and 
mutant p110α are shown in Supplementary Figure 2A–D.

For CHA, the binding energies were −8.36 kcal/mol 
(wild-type), −8.55 kcal/mol (E542K), −9.08 kcal/mol 
(E545K), and −9.93 kcal/mol (H1047R). The CHA-
wild-type p110α complex formed hydrogen bonds with 
Arg770, Ser773, Ser919, and Asp933 residues. In mutant 
complexes, hydrogen bonds were observed with Lys802 
and Tyr836, along with additional interactions: Asp810 
(E542K), Ala775 (E545K), and Ser774, Ser919, and 
Asp933 (H1047R). The 2D binding interactions between 
CHA and wild-type and mutant p110α are presented in 
Supplementary Figure 2E-H, while a comparison of 3D 
structures for the alpelisib-wild-type and CHA-H1047R 
complexes is shown in Supplementary Figure 3A-B.

Molecular dynamics simulations
MD simulations were performed over 100 ns to evaluate 

the stability of interactions between CHA or alpelisib and 
wild-type, E542K, E545K, and H1047R mutants of p110α. 
Several parameters were evaluated, including RMSD, 
RMSF, SASA, and Rg. The RMSD of ligand-to-backbone 
was calculated to assess ligand movement within the 
binding site (Figure 2A and 2B). Alpelisib demonstrated 

topology of p110α, while ligand topology was obtained 
using the CHARMM General Force Field (CGenFF) 
server (https://cgenff.com/) [22]. All protein-ligand 
systems were placed at the center of a dodecahedron 
box and solvated using the simple point charge water 
model. The charge of the p110α system was neutralized 
by adding appropriate sodium and chloride ions. Energy 
minimization was then performed over 50,000 steps to 
gradually relax the systems. The systems were equilibrated 
under NVT (constant number, volume, temperature) and 
NPT (constant number, pressure, temperature) ensembles 
for 1 nanosecond (ns) at 310 K using a Berendsen 
thermostat and maintained at 1 bar pressure. Short-range 
interactions were calculated using a force-switch cutoff 
of 1.2 nm during energy minimization and equilibration 
phases. Long-range electrostatic interactions were treated 
using the Particle-Mesh-Ewald (PME) algorithm, and 
hydrogen bonds were constrained using the Linear 
Constraint Solver (LINCS) algorithm. Subsequently, 100-
ns MD simulations were performed without constraints 
using a 2 fs integration time step, with trajectory snapshots 
saved every 1 ps. The MD trajectories were analyzed 
using parameters including root-mean-square deviation 
(RMSD), root-mean-square fluctuation (RMSF), solvent-
accessible surface area (SASA), and radius of gyration 
(Rg). The gmx_MMPBSA was employed to assess the 
binding affinity of the complexes [24].

Results

Identification of PIK3CA mutations
Genetic alterations of PIK3CA in breast cancer were 

analyzed using cBioPortal. PIK3CA was used as the query 
gene symbol and analyzed across breast cancer studies 
available in cBioPortal. The breast cancer (MSK, Nature 
Cancer 2020) study exhibited an alteration frequency 
of 80% in a population with significant mutations 
(Figure 1A). Across all studies, mutations were the 
dominant type of alteration in breast cancer patients, and 
they were further analyzed to determine mutation location 
and frequency. Figure 1B illustrates the mutation profile 
and its location within the protein domain, while Table 1 
presents the number of patients for each mutation, with 
a total of 15,927 patients. Among PIK3CA mutations, 
the H1047R mutant was the most prevalent, identified 
in 1,264 patients, followed by E545K (675 patients) and 
E542K (385 patients). The three most frequent mutations 
were subsequently submitted to the Mutpred2 server. 
Supplementary Table 1 shows the prediction scores for 
these mutations (E542K, E545K, and H1047R), all of 
which were classified as “disease.” Thus, the “disease” 
status indicates that the amino acid alteration is recognized 
as pathogenic. 

Mutation Frequency
H1047R 1264
E545K 675
E542K 385

Table 1. Frequency of PIK3CA Mutations in Breast 
Cancer Patients According to cBioPortal Studies
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Figure 1. Genetic Alteration Analysis of PIK3CA in Breast Cancer Studies from cBioPortal. (A) Summary of alterations 
in PIK3CA across breast cancer studies in cBioPortal. (B) Mutation profiles of PIK3CA across breast cancer studies 
in cBioPortal. (C) Superimposition of the modeled p110α (yellow) with the crystal structure of p110α (protein Data 
Bank ID: 2RD0; cyan).

stable conformations in wild-type, E542K, and E545K 
complexes, with RMSD values below 5 Å throughout the 
simulation (Figure 2A). However, the alpelisib-H1047R 
complex exhibited fluctuating RMSD values after 80 ns, 
indicating conformational instability. In contrast, CHA 
exhibited high RMSD fluctuations (up to 25 Å) in wild-
type, E542K, and E545K complexes (Figure 2B), whereas 

the CHA-H1047R complex remained stable, with RMSD 
values below 5 Å over a 100-ns simulation, indicating 
selective and stable interaction with the H1047R mutant. 
RMSF analysis was conducted to evaluate the fluctuation 
of amino acid residue in p110α (Figure 2C and 2D). The 
alpelisib-E542K complex showed notable fluctuations 
at residues 505–515 and 857–879, suggesting localized 
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Ligand Mutation ΔG 
(kcal/mol)

Interacting Residues

H-bond Hydrophobic van der Waals

alpelisib Wild type -10.29 Lys802, Val851, 
Ser854, Gln859

Trp780, Ile800, Tyr836, 
Ile848, Val850, Met922, 

Ile932

Pro778, Lys802, Asn853, His855, Thr856

E542K -10.21 Val851, Ser854, 
Gln859

Met772, Pro778, Ile800, 
Lys802, Tyr 836, Val850, 

Met922, Ile932

Trp780, Tyr836, Ile848, Arg852, Asn853, His855, 
Thr856

E545K -10.38 Val851, Ser854, 
Gln859

Met772, Pro778, Ile800, 
Lys802, Tyr 836, Val850, 

Met922, Ile932

Trp780, Tyr836, Ile848, Arg852, Asn853, His855, 
Thr856

H1047R -10.27 Val851, Ser854, 
Gln859

Pro778, Trp780, Ile800, 
Lys802, Tyr836, Ile848, 

Val850, Met922, Phe930, 
Ile932

Met772, Glu849, Asn853, His855, Thr856, Asp933

CHA Wild type -8.36 Arg770, Ser773, 
Ser919, Asp933

Trp780, Arg852, Ile932 Ser774, Ala775, Glu798, Asn853, Ser854, His855, 
Thr856, Met858, Gln859, His917, Asn920, Met922, 

E542K -8.55 Lys802, Asp810, 
Tyr836

Met772, Trp780, Ile848, 
Arg852, His855, Met922, 

Ile932

Arg770, Pro778, Leu807, Leu814, Val850, Val851, 
Asn853, Ser854, Thr856, Met858, Gln859, Ser874, 

His917, Ser919, Asn920, Asp933, Phe934

E545K -9.08 Ala775, Lys802, 
Tyr836

Trp780, Leu807, Arg852, 
His855, Met922

Arg770, Ser773, Ser774, Pro778, Asp810, Leu814, 
Thr856, Met858, Gln859, Ser919, Ile932, Asp933, 
Phe934, Glu798, Arg852, Asn853, Ser854, Val850, 

Val851, Ile848, Met772, 

H1047R -9.93 Ser774, Lys802, 
Tyr836, Ser919, 

Asp933

Trp780, Leu807, Met772, 
Arg852, His855, Met922

Arg770, Ser773, Glu798, Asp810, Leu814, Ile848, 
Val850, Val851, Asn853, Ser854, Thr856, Met858, 

Gln859, Ile932, Phe934, Tyr836

Table 2. Docking Results of Alpelisib and α-Chaconine with Wild-type and Nonsynonymous Single Nucleotide 
Polymorphism of p110α 

Alpelisib

Parameter WT E542K E545K H1047R
vdW -44.6 -39.82 -44.46 -35.67
EEL -23.76 -16.95 -27.03 -9.33
EPB 43.67 36.54 46.8 27.64
ENPOLAR -4.52 -4.42 -4.47 -4.05
EDISPER 0 0 0 0
Ggas -68.36 -56.78 -71.48 -45
Gsolv 39.15 32.12 42.32 23.58
ΔGbind -29.21 -24.66 -29.16 -21.41

α-chaconine
Parameter WT E542K E545K H1047R
vdW -32.09 -47.19 -40.87 -47.99
EEL -12.15 -15.97 -27.03 -40.47
EPB 31.6 50.9 50.56 68.79
ENPOLAR -4.43 -5.89 -5.49 -6.22
EDISPER 0 0 0 0
Ggas -44.24 -63.16 -67.91 -88.46
Gsolv 27.17 45.02 45.07 62.57
ΔGbind -17.07 -18.15 -22.84 -25.88

Table 3. Molecular Mechanics Poisson–Boltzmann 
Surface Area Binding Free Energy Calculations of 
p110α-alpelisib and p110α-α-chaconine complexes from 
100 nanoseconds molecular dynamics simulations (unit: 
kcal/mol)

conformational flexibility in these regions upon alpelisib 
binding to the E542K mutant (Figure 2C). Similarly, 
the CHA-E545K complex exhibited fluctuations in the 
857–879 residue region. These patterns indicate that 
specific mutant-ligand combinations may induce regional 
instability in p110α, potentially affecting binding site 
integrity (Figure 2D). SASA and Rg analyses were 
conducted to assess the overall structural stability and 
compactness of all ligand-protein complexes throughout 
the simulation (Figure 2E–H). SASA values remained 
relatively stable across all complexes for both alpelisib and 
CHA, ranging approximately between 48,000 and 52,000 
Å², indicating minimal changes in solvent exposure upon 
ligand binding (Figure 2E and 2F). Similarly, Rg values 
remained stable across all complexes, fluctuating within 
a narrow range of approximately 32.8–33.6 Å, confirming 
the preservation of overall protein compactness and 
structural integrity throughout the simulation (Figure 2G 
and 2H). MM-PBSA analysis was conducted to estimate 
the binding free energy of each ligand-protein complex. 
For alpelisib-p110α complexes, the wild-type exhibited 
the lowest binding energy (−29.21 kcal/mol), followed 
by E545K (−29.16 kcal/mol), E542K (−24.66 kcal/mol), 
and H1047R (−21.41 kcal/mol) (Table 3). For CHA-
p110α complexes, the H1047R mutant showed the most 
favorable binding affinity (−25.88 kcal/mol), followed 
by E545K (−22.84 kcal/mol), E542K (−18.15 kcal/mol), 
and wild-type (−17.07 kcal/mol) (Table 3). Notably, 
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Figure 2. Molecular Dynamics Simulation Analysis of p110α Complexes Over 100 Nanoseconds. (A-B) 
Ligand-to-backbone root-mean-square deviation profiles for alpelisib and α-chaconine (CHA) complexes; (C-
D) root-mean-square fluctuation analysis of residues in complexes with alpelisib and α-chaconine (CHA); (E-F) 
solvent- accessible surface area trajectories for alpelisib α-chaconine (CHA) complexes; and (G-H) radius of gyration 
profiles for alpelisib and α-chaconine (CHA) bound to wild-type (green), E542K (orange), E545K (blue), and H1047R 
(magenta) p110α variants. 
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CHA demonstrated a higher binding affinity for H1047R 
(−25.88 kcal/mol) compared to alpelisib (−21.41 kcal/
mol), suggesting mutation-selective targeting potential.

Discussion

The purpose of this study was to assess CHA as a 
potential PI3K inhibitor targeting wild-type and mutant 
forms of p110α, a catalytic component of PI3Kα. A 
high frequency of PIK3CA mutations was identified 
from breast cancer studies in cBioPortal. The three most 
frequent hotspot mutations (E542K, E545K, and H1047R) 
were selected for further analysis. These findings are 
consistent with previously reported mutation patterns 
in breast cancer, highlighting their significant role in 
PI3Kα activation [25]. The wild-type and mutant p110α 
models were constructed using SWISS-MODEL and 
validated using PROCHECK and ERRAT webservers. All 
models showed more than 90% of residues in the most 
favored regions, indicating reliable structural quality for 
subsequent docking analysis [26]. These models were 
then used for molecular docking to evaluate interactions 
with the established PI3K inhibitor alpelisib and CHA 
using AutoDock 4.2. Alpelisib demonstrated relatively 
similar binding affinities across wild-type and mutant 
p110α models. The loss of the Lys802 hydrogen bond 
in alpelisib-mutant complexes may partially explain 
the reduced binding affinity observed in mutants, 
suggesting a structural basis for potential resistance to 
alpelisib in PIK3CA-mutant breast cancer. In contrast, 
CHA exhibited progressively stronger binding to mutant 
variants, particularly H1047R, suggesting favorable 
complementarity with mutation-induced conformational 
changes in the kinase domain mutations. Although CHA 
formed different hydrogen bonds with wild-type p110α, it 
established interactions with Lys802 in mutant complexes, 
similar to the key interaction observed in the wild-type 
p110α-alpelisib complex.

Molecular dynamics simulations further supported 
these observations. RMSD analysis demonstrated stable 
interactions of alpelisib with wild-type, E542K, and 
E545K mutants of p110α, but revealed conformational 
instability in the alpelisib-H1047R complex. These 
differential stability profiles suggest that the H1047R-
induced conformational shift in the activation loop creates 
a binding environment particularly favorable for CHA. 
RMSF is a parameter used to evaluate the fluctuation of 
protein atoms relative to their reference positions over a 
given time frame. The absence of significant fluctuations 
at the key residue Lys802 across all complexes indicates 
preservation of binding site stability throughout the 
simulation. SASA analysis, which measures the extent of 
protein surface exposed to solvent, revealed comparable 
structural stability across all complexes. Similarly, 
Rg, which reflects the compactness of protein folding, 
remained consistent across all complexes [27]. Notably, 
both SASA and Rg analyses confirm that the observed 
variations in RMSD profiles are attributable to localized 
binding site dynamics rather than global structural 
changes, indicating overall structural compactness and 
stability. Furthermore, binding free energy analysis using 

the MM-PBSA method provided quantitative evidence of 
CHA’s selectivity toward the H1047R mutant. Notably, 
CHA exhibited a more favorable binding energy for the 
H1047R mutant compared to alpelisib (ΔG = −25.88 
vs −21.41 kcal/mol), indicating its potential utility in 
treating H1047R-associated breast cancers, particularly 
in patients with limited response to standard alpelisib 
treatment. Interestingly, this finding contrasts with the 
study by Mentes et al., which reported stable RMSD 
values for alpelisib across wild-type, E542K, E545K, and 
H1047R mutant PI3Kα [22], highlighting the importance 
of evaluating ligand-specific dynamics beyond docking 
scores alone.

The PI3K signaling pathway plays a crucial role 
in cellular metabolism, growth, survival, cell cycle 
regulation, and migration. Overactivation of PI3K in 
BCSCs contributes to drug resistance and metastasis. 
PIK3CA encodes the p110α subunit of PI3Kα, and 
its mutations enhance PI3K activity [25, 28]. Helical 
domain mutations (E542K and E545K) disrupt p110α-
p85α interactions, leading to significant conformational 
alterations [29, 30], whereas the kinase domain mutation 
H1047R directly alters the activation loop conformation 
[31]. These structural consequences underscore the 
importance of targeting mutation-specific conformations, 
particularly H1047R, for effective BCSC-targeted therapy.

In conclusion, this computational study suggests 
that CHA is a promising selective PI3K inhibitor for 
the H1047R PIK3CA mutant, supporting its potential 
application in personalized breast cancer therapy. A 
comparable approach has been reported in studies 
targeting thymidine phosphorylase, where berbamine 
showed lower binding affinity than 5-fluorouracil, 
demonstrating the broader applicability of natural 
compound-based inhibitor discovery [30]. However, 
this study is limited to computational analyses and lacks 
experimental validation in BCSC models, especially the 
3D model. As a preliminary computational study, further 
experimental validation is required to verify these findings. 
Future research should investigate the cytotoxic activity 
of CHA in both 2D monolayer and 3D BCSC models. 
Additionally, validation using an engineered H1047R 
PI3Kα mutant enzyme assay is necessary to confirm the 
inhibitory effect of CHA on H1047R PI3Kα activity and 
support its development as a mutation-specific therapeutic 
for H1047R-positive breast cancer. These experimental 
steps are essential to bridge the gap between the current 
computational predictions and preclinical application.
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