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�
 ABSTRACT 

Glioblastoma (GBM) is the most common malignant intracranial 
tumor in adults, with a median survival of only 16 to 20 months. 
Neoantigen therapy has shown advantages in the treatment of GBM, 
as it improves the immunosuppressive microenvironment within the 
tumor. However, the identification of truly immunogenic 
neoantigens remains a major challenge. Current computa-
tional prediction tools primarily focus on antigen presentation, 
whereas algorithms that incorporate T-cell immunogenicity features 
remain limited. Furthermore, standard validation methods, such as 
enzyme-linked immunospot (ELISpot) assays, lack physiologic rel-
evance and do not fully recapitulate the tumor microenvi-
ronment. In this study, we developed a neoantigen prediction 
algorithm, TCRscore, based on publicly available datasets by 
integrating human leukocyte antigen binding and T-cell re-
ceptor (TCR) recognition features. Twenty-one patient-derived GBM 
organoid models were established from isocitrate dehydrogenase 
wild-type tumors to validate the performance of the algorithm. 
Predicted neoantigens were evaluated using ELISpot assays, flow 

cytometry, and in vitro killing assays based on organoid–T cell co-
culture systems. TCRscore outperformed six existing tools in pre-
dicting immunogenic neoepitopes. The organoid models retained 
the key histologic and transcriptomic features of parental tumors and 
provided an effective platform for functional validation. Coculture 
assays confirmed that neoantigen-specific T cells could induce tar-
geted killing in GBM organoids. In particular, the analysis identified 
that the recurrent PIK3R1G376R mutation contributed to a potential 
shared neoantigen in GBM. Overall, by integrating TCRscore with 
organoid-based validation, this study provides a high-fidelity, high- 
quality GBM neoantigen database with significantly enhanced pre-
diction accuracy. 

Significance: A clinically impactful framework that inte-
grates a TCR-aware AI algorithm with glioblastoma organoids 
enables accurate neoantigen prediction and validation, ad-
vancing both personalized and population-level immuno-
therapy strategies. 

Introduction 
GBM, as defined by the 2021 World Health Organization 

(WHO) Central Nervous System (CNS) Tumor Classification, refers 
specifically to glioblastoma, isocitrate dehydrogenase (IDH) wild 
type, and is one of the most aggressive and deadly forms of brain 
cancer, characterized by rapid growth, high heterogeneity, and re-
sistance to conventional therapies such as surgery, radiation, and 
chemotherapy (1). Despite significant advances in cancer treatment, 
the prognosis for patients with GBM remains poor, with median 
survival times <2 years from diagnosis (2). This stark reality high-
lights the urgent need for novel therapeutic approaches that effectively 

address the unique challenges presented by GBM, including its infiltrative 
growth pattern, ability to adapt and evolve, and its highly immunosup-
pressive microenvironment (3). 

Neoantigens, tumor-specific peptides arising from somatic mu-
tations, offer a promising opportunity to apply personalized cancer 
immunotherapies (4). Unlike conventional antigens, neoantigens 
are unique to each patient’s tumor, making them ideal targets for 
precision medicine. By leveraging the ability of the immune system 
to recognize these unique antigens, neoantigen-based treatments 
elicit robust and targeted immune responses against GBM cells 
while minimizing damage to healthy tissues (5). Notably, two 
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landmark clinical trials by Hilf and colleagues and Keskin and 
colleagues (6, 7) demonstrated the feasibility and therapeutic po-
tential of personalized neoantigen vaccines in patients with GBM, 
providing critical proof of concept for neoantigen-based immuno-
therapy. Neoantigen-based therapies provide a means to specifically 
train the patient’s immune system to recognize and attack tumor 
cells without affecting normal cells, potentially offering a safer and 
more effective treatment option (8). 

Recent advances in sequencing technologies and computational 
biology have facilitated the identification and validation of neo-
antigens, bringing personalized immunotherapy closer to clinical 
reality for patients with GBM (9). However, one of the most fun-
damental and still-unanswered questions in neoantigen and antigen 
biology is the lack of understanding of why certain neoantigens fail 
to elicit T-cell responses (10). Recently, substantial efforts have been 
directed toward ascertaining which peptides are presented on major 
histocompatibility complex class I (MHC-I) molecules (11), facili-
tating the development of highly accurate predictors for peptide– 
MHC-I binding affinities (12). Despite precisely predicting the 
peptide–MHCs (pMHC) generated, determining what differentiates 
epitopes from nonepitopes remains an unresolved issue. The ca-
pacity to establish a connection between pMHCs and T-cell receptor 
(TCR) sequences is fundamental for tracking the complex interac-
tions between the immune system and tumors, along with opti-
mizing the design and execution of diverse immunotherapeutic 
strategies. 

To bridge this knowledge gap and improve the precision of 
existing pMHC-binding prediction, recent in silico algorithms have 
begun to incorporate T cell–related features into their models (13), 
including TCR-facing residues, peptide hydrophobicity, and struc-
tural compatibility with known TCR motifs (14). Deep learning 
models can extract features from noisy raw data by learning high- 
level representations. They demonstrate great potential in discern-
ing intricate, nonlinear relationships among multiple immunologic 
variables (15). Nevertheless, current models face substantial con-
straints in incorporating amino acid descriptors—encompassing 
the quantitative values of topologic, physicochemical, and three- 
dimensional structural properties—when analyzing the interac-
tions among human leukocyte antigens (HLA), neoantigens, and 
TCRs. More specifically, they fail to fully leverage the advantages 
of Z descriptors in quantifying intrinsic amino acid character-
istics and predicting peptide–protein interactions (16). These 
limitations lead to their poor capacity to generalize across diverse 
heterogeneous tumors and patient-specific immune repertoires, necessi-
tating the development of cutting-edge bioinformatics algorithms for 
neoantigen prediction. 

In parallel with computational developments, experimental vali-
dation of neoantigen immunogenicity is crucial. In vitro models, 
primarily using enzyme-linked immunospot (ELISpot) technology, 
are commonly used to evaluate the ability of candidate neoantigens 
to elicit immune responses. ELISpot assays measure the release of 
cytokines, such as interferon gamma (IFNγ), by immune cells in 
response to stimulation with neoantigen peptides (17). Despite their 
utility, ELISpot models have limitations, such as an inability to fully 
replicate the complex tumor microenvironment, which includes a 
diverse array of immune and stromal cells that influence immune 
responses (18). This may affect the accuracy (ACC) of predicting 
immune responses in patients, underscoring the need for more 
advanced preclinical models. 

To address this challenge, tumor organoid models have emerged 
as a promising tool. Derived from patient tumors, organoids 

maintain the architectural and cellular diversity of the original tis-
sue, including the immune microenvironment (19). By providing a 
more physiologically relevant environment that preserves the pa-
rental tumor’s immune context, GBM organoids offer a platform to 
more accurately assess neoantigen immunogenicity (20). The integration 
of tumor organoid models with neoantigen peptide screening allows for a 
more precise evaluation of how these peptides interact with the 
immune system, including their ability to activate T cells in a 
context that closely resembles the patient’s tumor (21). These 
models advance our understanding of immunogenicity in a 
patient-specific context and facilitate the development of more 
effective neoantigen-based therapies for GBM. 

In this study, we present an integrated framework that combines 
a Z descriptor–based T cell–aware deep learning model, TCRscore, 
with patient-derived GBM organoids for neoantigen discovery and 
validation. TCRscore was developed based on publicly available 
datasets and incorporates conventional features, such as MHC 
binding affinity and gene expression, as well as TCR recognition 
potential, aiming to better capture the true immunogenicity of 
candidate peptides. We validated the model using a unique cohort 
of 21 patients with GBM using patient-derived organoids. Using 
TCRscore, we prioritized neoantigen candidates for each patient 
and conducted functional validation. Previous studies have dem-
onstrated that peptides of 9 amino acids in length (9-mer) are the 
most commonly presented neoantigens by HLA class I molecules 
(22), which we also confirmed in our study. We therefore focused 
primarily on 9-mer peptides. Our results showed that TCRscore 
outperformed several widely used neoantigen prediction tools in 
both predictive ACC and experimental validation rate. By inte-
grating TCRscore with organoid-based models, we have constructed 
a high-fidelity, high-quality GBM neoantigen database. In addition, 
our analysis also identified PIK3R1G376R as a recurrent shared mu-
tation in glioma that showed high prevalence across multiple 
datasets, and this mutation-derived neoantigens strongly predicted 
binding to common HLA alleles, highlighting its potential value for 
population-targeted immunotherapies such as shared neoantigen 
vaccines or TCR-based therapies. 

Altogether, our study establishes a robust and generalizable 
strategy for personalized neoantigen discovery in GBM by inte-
grating computational modeling and organoid validation. This ap-
proach advances the precision of neoantigen selection and provides 
a practical preclinical framework for evaluating immunotherapeutic 
targets in solid tumors. 

Materials and Methods 
pMHC and TCR sequence data collection 

HLA class I allele sequences, neoantigen peptides, and TCR 
β-chain CDR3 regions were retrieved from publicly accessible im-
mune repertoire and epitope databases. Precisely, 256; 46,224; 
48,210; 33,710; 3,944; and 6,903 TCR sequences (corresponding to 
TCR β-chain CDR3 regions) were obtained from the TCR3d (tcr3d. 
ibbr.umd.edu; ref. 23), PIRD Dataset (db.cngb.org/pird/tbadb; ref. 
24), VDJdb Dataset (vdjdb.cdr3.net; ref. 25), and McPAS (fried-
manlab.weizmann.ac.il/McPAS-TCR/; ref. 26) datasets, as well as 
those of Joglekar and colleagues (27) and Chen and colleagues (28), 
respectively. Following the elimination of duplicate sequences, 
122,912 unique TCR sequence information records remained. With 
respect to the antigen-HLA sequence pairs, the NetMHCpan-4.1 training 
dataset was employed. This dataset comprises 160,581 entries, each an-
notated with binding affinity values. 
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Protein sequence coding module 
For numerical encoding, we used amino acid Z descriptors de-

rived from the principal components of physicochemical properties 
through partial least squares projection. These descriptors have been 
employed in predicting cell-penetrating peptides (29) and immu-
nogenic proteins (30), exhibiting considerable potential in predict-
ing immunogenicity. Unlike the fourth and fifth descriptors, which 
were not clearly derivable, the first three Z descriptors corresponded 
to lipophilicity (z1), volume (z2), and polarity (z3; refs. 31–33). 
Therefore, we employed the first three Z descriptors to represent 
each amino acid sequence (which may be HLA, neoantigen, or TCR 
sequences) followed by a Z score transformation, resulting in a Z 
score–converted (3� N) numeric matrix for each AA sequence. For 
HLA class I, alleles were converted into the canonical NetMHCpan 
34-residue pseudosequence, which comprises polymorphic peptide- 
contacting positions. Peptides were encoded in a 15-mer frame, a 
choice that fully encompasses common MHC-I ligands (8–11-mers) 
while accommodating infrequent bulged ligands (12–15-mers) and 
preventing information loss from clipping. Shorter peptides were 
zero-padded to 15 residues. TCR CDR3 sequences were zero- 
padded to a fixed length of 50 residues. This length covered es-
sentially all natural CDR3s and provided headroom for potential 
extensions (e.g., adding CDR3α) with minimal or no changes to the 
autoencoder architecture. Therefore, each biological input was 
transformed into a fixed-size matrix: 34 � 3 for HLA, 15 � 3 for 
peptides, and 50 � 3 for TCRs. 

TCR representation module 
To capture latent patterns within TCR sequences, an autoencoder 

architecture was implemented. The encoder functions to compress 
the CDR3 matrix into a low-dimensional embedding, and con-
versely, the decoder undertakes the task of reconstructing the input, 
thereby guaranteeing the fidelity of the features. Specifically, the 
TCR CDR3 sequences were transformed into a two-dimensional 
matrix (50 � 3) using the Z descriptor; it is fed into an 
autoencoder neural network for further dimensionality reduc-
tion and feature extraction. This process aims to obtain more 
concise features for the TCR CDR3 sequence. The reduced di-
mensionality features also alleviate the computational load of the 
neural network model. 

The autoencoder neural network is a powerful, unsupervised 
deep learning model comprising three main components: an 
encoding (input) part for compressing data, a processing (bottle-
neck) component for handling the compressed data, and a decoder 
(output). When data are introduced into the autoencoder, they are 
first encoded and then compressed to a smaller size. Subsequently, 
the network is trained on this encoded/compressed data, and a 
reconstructed copy of the original data is produced as output. 

Specifically, the data are initially sent through an encoder com-
prising 4 one-dimensional convolutional layers. In each convolu-
tional layer, the number of channels is set to 32, 16, 8, and 4, and the 
size of the one-dimensional convolutional kernels is 3, 3, 2, and 2. 
Considering that the input data have been standardized using Z 
score normalization, the tanh function is employed as the activation 
function. A fully connected layer, which serves as the bottleneck 
layer of the autoencoder, follows the convolutional layers. 

To construct the decoder part, the layers preceding the bottleneck 
layer are reversed. The input of the encoder and the output of the 
decoder have the same dimensions in the feature matrix. The 
training effectiveness of the network is evaluated by comparing the 
similarity between input TCRs and reconstructed TCRs. The most 

central layer of the network is extracted as the final encoding result, 
which is stored in matrix format. 

pMHC feature extraction module 
A neural network model featuring two neural network branch 

structures was utilized to extract the features of pMHC. The HLA 
and antigen sequences, both preprocessed by the Z descriptor, were 
input into different branches of the neural network. 

The two branches of the neural network share an identical 
structure, each consisting of 4 one-dimensional convolutional layers 
and a fully connected layer. For the one-dimensional convolutional 
layers, the number of channels was set to 32, 16, 4, and 1 succes-
sively, with a convolution kernel size of 2 in each layer. The output 
of the last convolutional layer was flattened and then fed into the 
fully connected layer. The fully connected layer outputs of the two 
branches were combined and input into a fully connected layer with 
16 neurons. This layer served as the coding layer for feature ex-
traction. Subsequently, the architecture included a fully connected 
layer with four neurons and an output layer with a single dimen-
sion. Tanh is employed as the activation function for all layers. This 
model is a supervised extended network model that uses the binding 
affinity between HLA and the antigen as a label, adopts the mean 
squared error (MSE) as the loss function, and utilizes the Adam 
optimizer for training purposes. 

TCR–pMHC module 
To learn the binding specificity between TCR and pMHC, we 

constructed a supervised neural network as a model. The TCR and 
pMHC features were used as inputs to the model. The combination 
of these two, in which negative and positive cases were denoted by 
0 and 1, respectively, served as labels for training. After feature 
extraction, both the TCR and pMHC feature vectors were one- 
dimensional. 

To avoid overfitting in complex networks, a network with a 
simple structure was selected. The TCR and pMHC features were 
separately input into two branch structures. Each branch structure 
comprised two fully connected layers, with the number of neurons 
set to 32 and 16. Subsequently, the outputs of the two branch 
structures were concatenated and sequentially fed into three fully 
connected layers. The number of neurons in these layers was 8, 4, 
and 1, and the output of the last fully connected layer represented 
the final output of the model, corresponding to the binding speci-
ficity of TCR and pMHC. The sigmoid function was used as the 
activation function for all layers. The Adam optimizer and MSE 
were employed as the optimizer and loss function of the model, 
respectively. 

Generating artificial negative TCR–pMHC sequence pairs 
Two approaches were used to address the imbalance between 

negative and positive samples in the dataset. First, the synthetic 
minority oversampling technique (SMOTE) method was utilized, as 
it randomly selects neighboring samples based on the existing mi-
nority samples to synthesize new minority samples (34). Second, 
binding-negative TCR–pMHC pairs were fabricated using artificial 
negative TCR sequences. Specifically, this method involves ran-
domly replacing one or more amino acids in the TCR sequences 
from the database of the present study. If the resulting sequence 
does not exist in the database of authentic TCR sequences, it is 
added to the negative TCR sequence library as an artificial negative 
TCR sequence. By pairing any TCR sequence from the negative 
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TCR sequence library with any known pMHC sequence, binding- 
negative TCR–pMHC pairs are generated. 

HLA evolutionary divergence module construction 
To predict the broadness of the immunopeptidome presented by 

the encoded HLA molecules, we constructed an HLA evolutionary 
divergence (HED) module to quantify the genetic disparity (or di-
vergence) among alleles at each individual HLA locus by employing 
Grantham distance metrics to compute the differences in the 
composition, polarity, and volume of polymorphic amino acid side 
chains across distinct HLA alleles (35). 

Generating TCRscore model 
We finally assembled the TCRscore model by integrating the 

protein sequence coding, TCR representation, pMHC feature ex-
traction, TCR–pMHC, and HED modules. 

Evaluation of TCR representation module 
In the TCR representation module, the TCR β-chain CDR3 sequences 

that had been converted using the Z descriptor were encoded. Subse-
quently, a comparison was made between the heatmap of the descriptor 
matrix corresponding to the original TCR β-chain CDR3 sequences and 
that of the matrix output by the decoder. The striking congruence be-
tween these two heatmaps, quantified by the Pearson correlation between 
the original and reconstructed descriptor matrices (each 50 � 3 Z de-
scriptor matrix is flattened into a length-150 vector), served as compelling 
evidence that the encoder–decoder model could accurately reconstruct 
TCR β-chain CDR3 sequences. 

Evaluation of pMHC feature extraction module 
To assess the performance of the pMHC feature extraction 

module, the entire dataset was randomly partitioned into training 
and independent test sets at an 8:2 ratio. Subsequently, the training 
set was further randomly split into subtraining and internal vali-
dation sets at a 9:1 ratio. Moreover, we utilized both the internal and 
external validation datasets to compute the Pearson correlation 
coefficients between their input and output matrices as the number 
of training epochs progressed. The results clearly demonstrated that 
as the number of training epochs increased, the model’s perfor-
mance gradually improved and ultimately reached a stable state. 

Evaluation of the pMHC–TCR module 
To conduct a more comprehensive evaluation of the performance 

of the pMHC-TCR module, the entire dataset was randomly divided 
into training and independent test sets at a 9:1 ratio. Thereafter, the 
training set underwent further random partitioning into subtraining 
and internal validation sets at various ratios: 9:1, 8:2, 7:3, and 6:4. 
This partitioning and subsequent model training procedure was 
iterated 50 times, resulting in 50 trained models. Then, the ACC of 
these 50 models was computed. Finally, among all the models, the 
model that achieved the highest ACC on the internal validation set, 
when the subtraining set/internal validation set ratio was 9:1, was 
selected as our ultimate model. 

Determination of the cutoff value for the TCRscore model and 
performance comparison 

We retrieved 126 experimentally validated neoantigen datasets 
from the public domain (36–42). Only samples with fully resolved 
HLA allelic information were included. For each neoantigen, re-
stricted HLA-related information and experimental immunogenicity re-
sults corresponding to the patient were available. For each HLA–peptide 

pair in the samples, we computed the TCRscore and ranked them 
according to the TCRscore values. Subsequently, considering the number 
of peptides retained at different thresholds, we conducted 1,000 random 
samplings. For each random sampling, we calculated and fitted the ACC 
to ascertain the optimal threshold using positive predictive value (PPV) 
and ACC, which were calculated as follows: 

PPV ¼
Ncorrect predicted positive antigens

NAll predicted positive antigens 

ACC ¼
Ncorrect predicted positive antigens þ Ncorrect predicted negative antigens

NAll predicted positive antigens þ Nall predicted negative antigens 

where N represents the total predicted results. PPV highlighted the 
predictor’s ability to prioritize true neoantigens. 

This subset of data were then used to compare the performance 
of our method with that of the six other widely used neoantigen 
prediction tools including ImmuneApp (43), PRIME 2.0 (44), 
NeoPred (45), MixMHCpred (44), MHCflurry 2.0 (46), and 
HLAthena (47). 

Brain glioma tissue samples and database 
Tumor tissues and blood samples were obtained from patients 

undergoing surgery in the Department of Neurosurgery at Beijing 
Tiantan Hospital, affiliated with Capital Medical University. Tumor 
tissues were independently diagnosed as GBM by at least two senior 
neuropathologists in accordance with the 2021 WHO Classification 
of Tumors of the CNS. The samples collected for this study have 
also been archived in the Chinese Glioma Genome Atlas (CGGA) 
database. Sample collection was approved by the Medical Ethics 
Committee of Beijing Tiantan Hospital, Capital Medical University 
(Ethics Approval No: KY2014-002-02), and written informed con-
sent was obtained from all patients before sample collection. Studies 
were conducted in accordance with the Declaration of Helsinki. 

Peripheral blood mononuclear cell isolation and 
cryopreservation 

Peripheral blood mononuclear cells (PBMC) were isolated and 
cryopreserved following a modified protocol (48). Briefly, heparin-
ized blood (20 mL) was diluted with an equal volume of phosphate- 
buffered saline (PBS) and carefully layered over 20 mL of lym-
phocyte separation medium in a 50 mL separation tube to create a 
distinct interface. The samples were centrifuged at 2,500 rpm for 
20 minutes, and the mononuclear cell layer was collected and di-
luted 1:1 with PBS. Following a centrifugation step at 1,500 rpm for 
15 minutes, the cell pellet was resuspended in 2 mL of red blood cell 
lysis buffer, gently mixed, and left to stand for 3 minutes. The 
suspension was then diluted to 45 mL with PBS and centrifuged 
again to obtain a purified PBMC pellet. The cells were resuspended 
in 5 mL of PBMC culture medium [RPMI 1640 with 10% fetal 
bovine serum (FBS), 100 U/mL IL2, and 1% antibiotics], counted, 
and plated at 1 � 106 cells/mL. After 6 hours of incubation, the 
PBMCs were observed under a light microscope to assess mor-
phology. The cells were subsequently centrifuged, and the resulting 
pellet was resuspended in 1 mL of PBMC freezing medium (90% 
RPMI 1640, 10% FBS). The suspension was transferred to cryovials, 
labeled, and stored in liquid nitrogen for long-term preservation. 

Construction, culture, and passaging of patient-derived 
organoid models 

Sterile culture dishes and microscissors, tweezers, PBS, Normo-
cin, and an organoid culture system (DMEM, 50% neurobasal, 1% 
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GlutaMax, 1% non-essential amino acids, (NEAAs), 1% penicillin- 
streptomycin, 1% N2, 1� B27) were prepared. All reagents were 
obtained from Gibco and Thermo Fisher Scientific. Six-well plates 
and 50 mL centrifuge tubes were exposed to UV light in a laminar 
flow hood for 30 minutes before use. Fresh tumor tissue was ob-
tained from the operating room, placed in PBS, and transported 
on ice for preservation. Thereafter, the tissue was washed thor-
oughly in a sterile culture dish with 15 mL PBS and 150 µL 
Normocin, followed by three additional washes with 15 mL PBS 
each. The tissue was then immersed in 5 to 10 mL PBS and 
minced into pieces approximately 1 mm in diameter using sterile 
microscissors. Next, the minced tissue was transferred to a 
centrifuge tube, to which 15 mL of PBS was added, and the 
suspension was centrifuged at 800 rpm for 5 minutes. Subse-
quently, the supernatant was discarded, and the tissue pellet was 
resuspended in culture medium and transferred to a six-well 
plate. Organoids were cultured in a sterile incubator at 37°C 
under 5% CO2 and 90% humidity on a shaker (120 rpm), with 
daily observation and medium changes. After 2 to 3 weeks, tu-
mor fragments formed spherical organoids. When organoids 
reached ≥3 mm, they were transferred to a laminar flow hood 
and minced again using sterile micro scissors into pieces <1 mm 
in diameter. The centrifugation and culture steps were repeated 
for organoid passaging. 

After 2 to 3 weeks of culture, mature organoids were harvested 
and cryopreserved following a modified protocol from Jacob and 
colleagues (49). Briefly, organoids were cut into small fragments, 
pretreated with Y-27632, and frozen in medium containing 10% 
DMSO using a controlled-rate freezing method before transfer to 
liquid nitrogen. Upon recovery, thawed organoids were gradually 
rehydrated in Y-27632–supplemented medium and typically re-
sumed normal growth within 1 to 2 weeks. 

IHC validation of organoid model (Ki-67) 
Organoids were fixed with 1 mL of 4% paraformaldehyde (PFA) at 

room temperature for 20 minutes, followed by overnight fixation with 
PFA. The organoids were then dehydrated using a sucrose gradient 
(10%, 20%, and 30%)—each step lasting approximately 4 hours—until 
they settled at the bottom. The organoids were embedded in optimal 
cutting temperature (OCT) compound, with five organoids placed per 
mold, and surgical tumor tissue was covered with OCT compound and 
frozen at �80°C for 30 minutes. Sections were cut to 5 µm thickness 
after trimming to 20 µm. Before staining, sections were air-dried for 
1 hour at room temperature and stored at �20°C if not used imme-
diately. Afterward, the sections were circled with a hydrophobic pen, 
fixed with ice-cold methanol for 15 minutes, and washed 3 times with 
PBS. Peroxidase-blocking solution was added for 15 minutes, followed 
by three PBS washes. Next, goat serum–blocking solution was added for 
at least 30 minutes, followed by three PBS washes. The primary anti-
body (Ki-67, 1:100; Zhongshan Golden Bridge; RRID:AB_2890067) was 
diluted and added to the sections, which were incubated overnight at 
4°C. After washing off the primary antibody, the secondary antibody 
was added and incubated at room temperature for 1 hour. Subse-
quently, sections were washed 3 times with PBS, and DAB chromogenic 
solution was added in the dark, with the reaction stopped after ap-
proximately 1 minute under light microscope observation. The sections 
were then stained with hematoxylin for 12 minutes, rinsed with tap 
water for 10 minutes, and sequentially immersed in 50%, 70%, and 
100% ethanol for 5 minutes each, followed by xylene for 5 minutes. 
Finally, the sections were mounted, air-dried, and scanned using a slide 
scanner. 

Immunofluorescence staining on frozen sections 
Frozen sections were air-dried in a 37°C oven for 10 to 20 min-

utes and fixed in 4% PFA for 30 minutes. After washing with PBS 
(pH 7.4), antigen retrieval was performed using EDTA buffer 
(pH 9.0) in a microwave oven (medium power for 5 minutes, rest 
for 5 minutes, then low power for 10 minutes), followed by natural 
cooling and PBS washes. Endogenous peroxidase activity was 
blocked using 3% hydrogen peroxide for 15 minutes at room tem-
perature. The sections were then incubated with 3% BSA in PBS for 
30 minutes to block nonspecific binding. 

Primary antibodies were applied overnight at 4°C in a hu-
midified chamber. The following antibodies were used: anti-SOX2 
(23064; Cell Signaling Technology, RRID:AB_2714146), anti-OLIG2 
(YT7967; Immunoway Biotechnology, RRID:AB_3712855), anti-DCX 
(ab207175; Abcam, RRID:AB_2894710), anti-GFAP (ab4648; Abcam, 
RRID:AB_449329), and anti–cleaved caspase 3 (MAB835; R&D 
Systems, RRID:AB_2243951). After PBS washes, the corresponding 
horseradish peroxidase (HRP)–conjugated secondary antibodies were 
applied for 50 minutes at room temperature, followed by tyramide 
signal amplification with different fluorophores. Multiple rounds of 
staining were performed sequentially using different tyramide dyes, 
with antigen retrieval and antibody stripping steps between rounds as 
needed. The four primary antibodies were detected using tyramide- 
conjugated fluorophores at distinct emission channels: GFAP 
(480 nm), doublecortin (520 nm), SOX2 (570 nm), and OLIG2 
(620 nm), allowing for multiplexed visualization without spectral 
overlap. Finally, nuclei were counterstained with DAPI, and slides 
were mounted using an antifade mounting medium. 

Whole-exome sequencing data–somatic mutation calling 
Raw sequencing data underwent quality control using FastQC (RRID: 

SCR_014583). Subsequently, Trimmomatic (RRID:SCR_011848; ref. 50) 
was used for trimming to eliminate low-quality reads and remove 
adapters. The quality-controlled sequencing reads were aligned to the 
human reference genome (hg19) using Burrows–Wheeler Aligner, with 
blood sample sequencing data serving as a reference. Somatic mutations 
were detected using MuTect2 (RRID:SCR_026692; ref. 51), VarScan 
(RRID:SCR_006849; ref. 52), MuSE (RRID: SCR_020252; ref. 53), 
SomaticSniper (54), and Strelka (RRID:SCR_005109; ref. 55). ANNO-
VAR (RRID: SCR_012821; ref. 56) was used to filter and annotate the 
detected mutations. To obtain high-quality somatic mutations, the fol-
lowing criteria were imposed: (i) The number of mutated reads in the 
tumor sample must exceed one, and the variant allele frequency should 
be ≥ 0.05; (ii) sequencing depth in the tumor tissue should be at least 15 
(depth of coverage ≥ 15); and (iii) the mutation must be supported by a 
minimum of two tools. The filtered somatic mutations were then an-
notated and utilized for subsequent analyses. Copy-number variation 
(CNV) profiles were generated from whole-exome sequencing (WES) 
data using CNVkit (RRID:SCR_021917; ref. 57). 

WES data–HLA typing 
HLA haplotypes were predicted using OptiType (58) software 

based on WES sequencing data from blood samples. 

WES data–neoantigen prediction 
Using the annotated VCF file, peptides were generated by sliding 

a window across the positions of affected mutations. This process 
produced all possible 9-mer peptides corresponding to non-
synonymous somatic mutations. The binding affinity between these 
peptides and the patient’s HLA-I alleles was predicted using 
NetMHCpan-4.0. High-affinity binders were defined as those peptides 
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with an IC50 value of ≤500 nmol/L. Subsequently, peptides with a 
mutated-form binding affinity of <500 nmol/L and corresponding 
wild-type peptide affinity >500 nmol/L were selected as candidate 
antigens for further analysis. 

We screened these candidate antigens according to two criteria. 
First, they had to be present in both tumor tissues and organoids. 
Second, the expression levels (transcripts per million value, nonlog) 
of the mutant genes should be >1. Next, we used the TCRscore tool 
to calculate the immunogenicity scores of these 9-mer candidate 
antigens. Peptides with a TCRscore exceeding 0.6 were classified as 
neoantigens. 

The Cancer Genome Atlas and CGGA cohorts 
Mutation data for The Cancer Genome Atlas (TCGA)-GBM and 

TCGA-lower grade glioma (LGG) were downloaded from the Ge-
nomic Data Commons (GDC) in MAF format. Primary tumor 
samples (01A) were selected. Following this selection, hypermutated 
samples were identified and excluded from the analysis (mutation 
count >500), ultimately resulting in 824 samples for subsequent 
analysis. From the CGGA database, primary samples were chosen 
for mutation calling, producing 180 samples for further study. The 
mutation-calling approach was identical to that described above. 
MuTect2, VarScan, MuSE, SomaticSniper, and Strelka were utilized 
to detect somatic mutations, which were then filtered and annotated 
with ANNOVAR. The filtering criteria were the same as previously 
detailed. The R package maftools (version 2.22.0) was employed for 
visualizing sample mutations and calculating the tumor mutational 
burden (TMB). 

RNA expression and HLA frequency analysis 
RNA sequencing (RNA-seq) was performed on tumor tissue and 

organoids from all 21 samples in the cohort. Total RNA was 
extracted using the TRIzol reagent (Invitrogen) following the 
manufacturer’s protocol. RNA purity and quantification were 
evaluated using the NanoDrop 2000 spectrophotometer (Thermo 
Fisher Scientific), and RNA integrity was assessed using the Agilent 
2100 Bioanalyzer (Agilent Technologies). Then, the libraries were 
constructed using the VAHTS Universal V6 RNA-seq Library Prep 
Kit according to the manufacturer’s instructions. Transcriptome 
sequencing was performed on the Illumina NovaSeq 6000 platform 
to generate 150 bp paired-end reads. The transcriptome sequencing 
was conducted by OE Biotech Co., Ltd. FastQC was used to conduct 
quality control analysis on the raw sequencing data. Subsequently, 
Trimmomatic was applied for trimming, effectively filtering out 
low-quality reads and removing adapters. The quality-controlled 
sequencing reads were then aligned to the human reference genome 
(hg19) using HISAT2(RRID:SCR_015530; ref. 59). Read counts 
aligned to protein-coding genes for each sample were acquired us-
ing htseq-count. 

HLA allele frequency data were sourced from the Allele Fre-
quency Net Database (AFND, http://allelefrequencies.net) and HLA 
allele distribution in TCGA healthy samples (HLA-A, HLA-B, HLA- 
C). HLA alleles with a frequency exceeding 3% were designated as 
common HLAs for subsequent analysis (60). 

RNA data–somatic mutation 
Based on the mutations detected by WES data as reference, we 

conducted mutation detection on RNA data. Two distinct tools were 
employed for this purpose: Bamreadcount (arXiv:2107.12817v1, 
RRID:SCR_023653) and MutScan (61). Bamreadcount is capable of 
detecting mutations at corresponding sites from BAM files, whereas 

MutScan can directly perform mutation detection from raw FASTQ 
files. For single-nucleotide variants (SNV), mutations supported by 
both tools are utilized for downstream analysis. In contrast, for 
insertions and deletions, only the results from MutScan are con-
sidered the final version. 

Peptide synthesis 
The peptides used in this experiment were synthesized by Beijing 

SciLight Biotechnology Ltd. Each peptide was synthesized with a 
purity of 95%. The synthesis process involved several key steps: 
First, the Fmoc-protected monomers had their amino-protecting 
groups removed using a basic solvent (piperidine), and the carboxyl 
group of the subsequent amino acid was activated using an acti-
vating agent, allowing the activated monomer to react and form a 
peptide bond with the free amino group. These two steps were 
repeated in cycles until the desired peptide chain was fully synthesized. 
Once synthesis was complete, the peptide was cleaved from the resin, and 
the protecting groups were removed using trifluoroacetic acid. Finally, 
the synthesized peptide was analyzed and purified using reverse-phase 
high-performance liquid chromatography. 

Peptide preparation and solubilization 
Peptides were reconstituted at 2 mg/mL based on net charge: 

Peptides with a net positive or negative charge were first dissolved in 
sterile, nuclease-free water; neutral or poorly soluble peptides were 
dissolved in DMSO. 

PBMC–peptide coculture 
Patient PBMCs were thawed by placing the cryovial in a 37°C 

water bath for 5 minutes. Next, PBMC culture medium was pre-
warmed, and the cell suspension was transferred to a 50 mL cen-
trifuge tube, followed by the addition of 15 mL of PBMC culture 
medium and centrifugation at 1,200 rpm for 5 minutes. The su-
pernatant was discarded, and 1 mL of culture medium was added to 
thoroughly resuspend and count the cells. Thereafter, 5 � 105 

PBMCs were added to a 24-well plate, followed by 500 µL of culture 
medium to resuspend and culture the cells. The peptide solution 
was thawed at room temperature, and 5 µL (20 µg/mL) of both wild- 
type and mutant peptide solutions were added to the culture system. 
Labels were marked on the surface of the plate, and the 24-well plate 
was placed in a sterile incubator at 37°C under 5% CO2 and 90% 
humidity. The stimulation was repeated every 3 days by adding 5 µL 
of peptide solution, with additional culture medium as needed, for 
2 to 3 cycles. After stimulation, cell samples were collected for the 
ELISpot assay. 

ELISpot assay 
Materials such as RPMI 1640 and PBMC media, phytohemag-

glutinin (PHA), IFNγ ELISpot kits (3420-2A, Mabtech, RRID:AB_ 
3712871), ELISpot polyvinylidene difluoride (PVDF) 96-well plates 
(3654-TP-10, Mabtech), AEC substrate solution, 35% alcohol, PBS, 
FBS (Gibco, Thermo Fisher Scientific), multichannel pipettes, and 
reagent reservoirs were prepared. Plate preparation involved adding 
20 µL of 35% alcohol per well to the 96-well plate, incubating for 
50 seconds, discarding the alcohol, washing the plate 5 times with 
PBS, adding 100 µL of diluted capture mAb per well, and incubating 
at 4°C overnight. For cell incubation, the wells were washed, blocked 
with medium, and incubated at room temperature for 30 minutes. 
Stimulated PBMCs were resuspended and added to the plate, with 
three replicates for each group. Positive control wells received 5 µL 
of PHA, whereas negative control wells received only cell 
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suspension. The plate was incubated at 37°C under 5% CO2 and 90% 
humidity for 24 to 48 hours. ELISpot detection involved washing the 
plate, adding the detection antibody, incubating, washing again, 
adding streptavidin-HRP, incubating, washing, adding AEC sub-
strate solution, and observing until spots appeared. The reaction was 
stopped by washing with PBS. Finally, the PVDF plate was dried in a 
dark environment for 24 hours before imaging using an AID 
multifunctional microplate reader (AID Autoimmun Diagnostika 
GmbH, RRID:SCR_025287). For the HLA-blocking experiments, 
PBMCs were preincubated with Anti-human MHC Class I (HLA-A, 
HLA-B, HLA-C)-InVivo (1 µg/ml, A2172, Selleck, RRID:AB_3718661) 
prior to peptide stimulation. 

Organoid coculture and immunofluorescence staining 
(organoid frozen sections) 

Organoids derived from patient tissue were cocultured with the 
PBMC–peptide system, as described above. The coculture was 
maintained in RPMI 1640 medium supplemented with 10% FBS. 
After 3 days of coculture, organoid samples were collected, em-
bedded in OCT compound, and sectioned for subsequent analysis. 

A hydrophobic barrier was drawn around the sample using a 
hydrophobic pen, followed by fixation with PFA for 10 minutes, 
washing with PBS, antigen retrieval with ice-cold antigen retrieval 
solution at room temperature for 5 minutes, and washing again with 
PBS. Blocking was performed using QuickBlock immunostaining 
blocking buffer (Beyotime) for 15 to 20 minutes, followed by PBS 
washing. An autofluorescence quencher (Biotium) was applied for 
5 minutes, followed by three washes with PBS. The primary anti-
body was diluted at a ratio of 1:200 to 1:400 and incubated overnight 
at 4°C. After three washes with PBS, the fluorescent secondary an-
tibody was diluted at a ratio of 1:400 and incubated for 1 hour at 
room temperature. The slides were then washed with PBS 3 times 
and dried with absorbent paper, and the coverslip was cleaned using 
lint-free tissue. One drop of mounting medium containing DAPI 
was added to each slide (ensuring no bubbles), which was then 
covered with a coverslip and sealed tightly, expelling any air bub-
bles. Finally, images were captured using a fluorescence microscope 
with a 10� objective. 

Flow cytometry analysis 
The flow cytometry analysis involved collecting and washing 

the cell pellet (approximately 1 � 105 cells or a visible pellet in an 
EP tube), followed by incubation with directly conjugated flow 
antibodies at 4°C for 30 minutes and washing with PBS. The flow 
antibodies used in this experiment included CD107a/CD69 
antibody (Elabscience, RRID:AB_3712858, RRID:AB_3712859) 
labeled with APC and CD3 antibody (Elabscience, RRID: 
AB_3712857) labeled with PE. Thereafter, the pellet was resus-
pended in 400 µL PBS and subjected to flow cytometry analysis. 
Each sample was run in triplicate, with 10,000 cells collected per 
run, and the main in vitro experiments were repeated 2 to 
3 times. 

Statistical analysis 
Statistical analyses were performed using R (version 4.4.4; R 

Foundation for Statistical Computing, RRID:SCR_001905) and 
GraphPad Prism (version 9.3; GraphPad Software, RRID:SCR_ 
002798). Continuous data are described as means ± SDs. For 
comparisons between two groups, an unpaired t test was used, 
whereas comparisons among more than two groups were performed 

using one-way ANOVA. Statistical significance was defined as fol-
lows: ****, P < 0.0001; ***, P < 0.001; **, P < 0.01; *, P < 0.05; ns, 
P > 0.05. 

Results 
Deep learning framework for predicting TCR–neoantigen–HLA 
interactions 

We constructed a deep learning–based model, named TCRscore, to 
predict the immunogenicity of neoantigen peptides by integrating the 
intrinsic features of TCRs, neoantigen peptides, HLA class I molecules, 
and the HED metric. The TCRscore model comprises five modules: 
the protein sequence coding (Fig. 1A), TCR representation (Fig. 1B 
and C), pMHC feature extraction (Fig. 1D and E), TCR–pMHC 
(Fig. 1F), and HED (Fig. 1G) modules. The protein sequence coding 
module numerically encoded HLA sequences, peptide sequences, and 
TCR CDR3 regions using amino acid Z descriptors. Considering that 
the fourth and fifth descriptors are not clearly derivable, we utilized the 
first three Z descriptors, which correspond to lipophilicity (z1 or A), 
volume (z2 or B), and polarity (z3 or C; refs. 31–33). 

In the TCR representation module, TCR sequences are first 
transformed via an autoencoder, which effectively compresses the 
high-dimensional sequence data into low-dimensional latent fea-
tures. This approach preserves the key structural characteristics 
while reducing noise. Meanwhile, in the pMHC feature extraction 
module, the pMHC complex is processed using a one-dimensional 
convolutional neural network, enabling the automatic extraction of 
spatial and functional binding features. 

These encoded TCR and pMHC features are subsequently con-
catenated and fed into the TCR–pMHC module. This module has 
been trained to predict a binding score, which reflects the likelihood 
of effective TCR–pMHC recognition. To address class imbalance, we 
employed SMOTE, which is effective in enhancing model generaliz-
ability (34). The HED module was then used to compute the differ-
ences in the composition, polarity, and volume of polymorphic amino 
acid side chains across distinct HLA alleles. Ultimately, we assembled 
the TCRscore model by integrating the aforementioned modules. This 
integrated model was then used to prioritize neoantigen peptides 
according to their predicted immunogenicity levels. 

The predictive performance of the model has been thoroughly 
explored and verified, both for the individual modules and the en-
tire model. The comparison between the input TCR and recon-
structed TCRs showed that CDR3s were faithfully reconstructed, 
demonstrating the success of autoencoder training (Fig. 1C; Sup-
plementary Fig. S1). The predicted and true binding affinities be-
tween the MHC molecule and antigens in independent validation 
datasets were highly correlated (Fig. 1E). TCR–pMHC prediction 
achieved low loss (Fig. 1H), high ACC (Fig. 1I), and high area 
under the curve (AUC) values (Fig. 1J). 

To compare the performance of our TCRscore model with 
other state-of-the-art methods, we started with a set of 126 ex-
perimentally validated neoantigens retrieved from the public 
domain (Supplementary Table S1; refs. 36–42). Each of these 
neoantigens had all HLA-related patient-specific information 
available. The TCRscore model demonstrated robust predictive capabil-
ities for neoantigens, as evidenced by its PPV across various prediction 
thresholds (Fig. 1K), which markedly surpassed that of random sam-
pling. This effectively validated its utility in neoantigen selection. From 
this set, we evaluated the performance of TCRscore against these 
other methods: ImmuneApp (43), PRIME 2.0 (44), NeoPred (45), 
MixMHCpred (44), MHCflurry 2.0 (46), and HLAthena (47). As 
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Figure 1. 
Construction of a deep learning–based algorithm for neoantigen prediction and screening workflow. A, Input processing of HLA, neoantigen, and TCR sequences 
using amino acid Z descriptors. B, TCR sequence encoding via autoencoder to extract latent CDR3 features. C, Comparison of original and reconstructed 
CDR3 features to validate encoding performance. D, Convolutional neural network (CNN)-based model for pMHC feature extraction and binding affinity 
prediction. E, Internal and independent validation of the predicted binding between neoantigens and MHC proteins generated by the pMHC feature 
extraction module. F, Integration of TCR and pMHC features, with SMOTE for data balancing and final interaction scoring. G, HLA typing and calculation 
of HED to refine immunogenicity scoring. H, Training and validation loss curves demonstrating model convergence. I, ACC distribution on the validation 
dataset. J, AUC performance under different training/validation data splits. K, PPV curve for the validation set compared with random sampling. L and 
M, Summary of mean PPVpercent (L) and ACCpercent (M) with 95% confidence intervals (CI) across all valid n values for each method (n ¼ 126). 
PPVpercent: PPV within the top n% predictions. ACCpercent: ACC within the top n% predictions. Statistical comparisons were performed using paired 
Wilcoxon tests; **, P < 0.01; ****, P < 0.0001. 
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demonstrated by the PPV (Fig. 1L) and ACC (Fig. 1M), TCRscore 
exhibited significantly better performance than all the other methods. 

Patient-derived GBM organoids recapitulate histologic and 
molecular features of primary tumors 

We have successfully established 21 patient-derived GBM orga-
noid models from IDH wild-type tumor samples. According to the 
2021 WHO classification, IDH wild-type glioblastoma represents 
the majority of adult GBM cases and is associated with more ag-
gressive clinical behavior and poorer prognosis compared with 
IDH-mutant gliomas (62). The clinical and molecular characteristics 
of the cohort are summarized in Supplementary Table 2. The me-
dian age was 55 years (range, 28–69 years), with a male-to-female 
ratio of approximately 1.6:1. All patients were histologically con-
firmed as GBM (WHO CNS 4), and none harbored mutations in 
IDH1 or IDH2, consistent with the IDH wild-type classification. 

To evaluate the proliferative capacity of these organoids, we 
performed Ki-67 IHC staining on representative samples. As shown 
in Fig. 2A, high Ki-67 expression was consistently observed across 
organoids from different patients (P06, P09, P12, P17, and P20 are 
shown), indicating robust proliferative activity. To assess histologic 
fidelity, hematoxylin and eosin staining was performed. The archi-
tectural characteristics of the original tumors were preserved by the 
organoids, including cellular density and pleomorphism (Fig. 2B). 
Furthermore, immunofluorescence staining revealed similar ex-
pression patterns of glioma lineage markers—SOX2, OLIG2, DCX, 
and GFAP—between organoids and their matched parental tumors 
(Fig. 2C), supporting the retention of cell type heterogeneity within 
the model. 

WES analysis revealed that the mutational profiles of organoids 
closely resembled those of their corresponding tumors. As shown in 
Fig. 2D, key GBM-related mutations, including those in TP53, 
EGFR, and NF1, were preserved across organoid–tumor pairs. We 
further analyzed the proportion of shared versus unique mutations 
using RNA-seq and WES data. A considerable proportion of mu-
tations were determined to be shared, particularly at the RNA level, 
with a minority being organoid- or tumor-specific. Fifty-four per-
cent of nonsynonymous SNVs (neoantigen-associated mutations, 
range: 10%–80%) were shared by organoids and matching tissues on 
average (Fig. 2E). 

Correlation analysis of WES and RNA variant data confirmed 
high genomic concordance between the tumor and its corre-
sponding organoid samples but rarely with other tissues (Fig. 2F). 
Moreover, we evaluated genome-wide structural consistency be-
tween organoids and primary tumors by analyzing CNVs. As shown 
in Fig. 2G, CNV heatmaps were generated for all samples across 
chromosomes 1 to 22 and X. The organoids retained the major 
CNV patterns observed in their matched tumors, including com-
mon amplifications and deletions across genomic regions. We cal-
culated the mean CNVs across chromosomes and evaluated the 
correlation between organoid and matched tumor tissue samples. 
The correlation coefficients ranged from 0.39 to 0.96, with a median 
of 0.70. A global comparison based on WES data revealed a high 
degree of similarity, further supporting the structural genomic fi-
delity of the organoid models. 

TMB was quantified and compared between tumors and their 
derived organoids. No significant difference was observed in TMB 
(Fig. 2H and I). Notably, tumor purity, inferred from transcriptomic 
data, was slightly but significantly higher in the organoid models 
compared with that in their parental tumors (Fig. 2J and K). This was 
likely due to reduced stromal or immune cell content during in vitro 

culture, implying that the organoids efficiently concentrated cancer 
cells, making them a reliable model for studying tumor biology. 

Additionally, we assessed TMB distribution across large public 
glioma cohorts, including CGGA and TCGA, stratifying patients 
based on key clinical and molecular features. TMB levels varied 
across subgroups but remained within expected ranges for IDH 
wild-type GBM (Supplementary Fig. S2A and S2B). TMB was cal-
culated using our own 21-patient cohort and showed a comparable 
distribution, which is consistent with that of publicly available 
datasets (Supplementary Fig. S2C), thus providing a robust foun-
dation for downstream neoantigen analysis. 

Considering that mutation expression levels are a key determi-
nant of the immunogenicity of neoantigens generated by non-
synonymous mutations, we further evaluated the neoantigen- 
associated mutations landscape retained in GBM organoid models 
at the transcription level by conducting a paired comparison of the 
predicted neoantigen-related mutations between the organoids and 
their matched parental tumors. Venn diagrams illustrated the 
number of mutations shared and specific to each patient at the RNA 
level (Supplementary Fig. S3A and S3B). In most cases, a consid-
erable number of neoantigen-associated mutations were shared 
between the organoid and tumor, with high concordance observed 
in patients such as P05, P15, and P17. Therefore, organoid models 
may largely preserve the immunogenic mutational landscape of the 
original tumor. However, two patients (P19 and P21) were not in-
cluded in the figure due to a complete lack of overlapping 
neoantigen-associated mutations, possibly reflecting extreme tran-
scriptional differences or minimal mutational overlap detectable by 
our pipeline. Furthermore, we conducted transcriptome-wide cor-
relation analyses based on RNA-seq gene expression data to quan-
tify the degree of transcriptional similarity between tumors and 
their corresponding organoids. This layer demonstrated strong 
concordance (Supplementary Fig. S3C), further confirming the 
preservation of gene expression patterns during organoid deriva-
tion. Overall, our data support the use of organoids as a reliable 
platform for neoantigen-level studies. 

Collectively, GBM organoids faithfully recapitulate the key his-
tologic and molecular features of their matched parental tumors, 
supporting their utility as preclinical models for GBM research. 

TCRscore accurately predicts immunogenic neoantigens and 
outperforms existing tools in our GBM cohort 

To systematically evaluate the predictive power of our model, we 
first established a comprehensive neoantigen screening workflow 
(Fig. 3A). Initially, we prescreened for candidate peptides by inte-
grating whole-exome and whole-transcriptome sequencing data, 
HLA typing, and in silico neoepitope prediction (NetMHCpan-4.0). 
Only peptides derived from mutated genes with an expression level 
greater than 1 and present in both tumor tissues and organoids were 
selected for further analysis. Before selecting candidate neoantigens, 
we further analyzed the distribution of peptide lengths (8–12-mer) 
using the IEDB database, which revealed that 9-mer peptides were 
the most prevalent (Supplementary Fig. S4). Therefore, we focused 
primarily on 9-mer peptides in the subsequent experimental vali-
dations. Overall, 127 candidate peptides were screened from the 
GBM cohort comprising 21 IDH wild-type GBMs, each of which 
had associated patient-derived GBM organoid models estab-
lished (Fig. 3B; Supplementary Table S3). Subsequently, we 
ranked all 127 candidates according to their TCRscore values to 
assess the model’s capacity to prioritize immunogenic peptides. 
The peptides were then partitioned into two groups: 
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Figure 2. 
Histologic and molecular characterization of patient-derived IDH wild-type GBM organoid models. A total of 21 IDH wild-type GBM organoid models were 
successfully established and compared with their matched parental tumors to assess histologic and transcriptomic fidelity. A, Representative IHC staining of Ki- 
67 in selected GBM organoid models (P06, P09, P12, P17, P20; P, patient), demonstrating high proliferative activity across models. B, Hematoxylin and eosin 
staining of organoid P06 and its matched parental tumor, revealing preserved histologic features. C, Immunofluorescence staining for SOX2, OLIG2, DCX, and 
GFAP in organoid P06 and matched tumor tissue, showing comparable expression patterns of glioma lineage markers. D, Mutation landscape of the organoid– 
tumor pairs based on WES, including mutation types, gene alterations, and patient metadata. E, Proportion of shared and unique mutations in total mutations, 
nonsynonymous SNVs, and RNA-seq (RNA) across organoid and tumor samples. F, Correlation heatmaps of WES and RNA-based mutation profiles between 
tumor and organoid samples, confirming high genetic similarity. G, Heatmap of CNV profiles for all organoid–tumor pairs across the genome. Each column 
represents a chromosome, and each row corresponds to a sample (organoid or tumor). The color scale indicates log2 copy-number changes. H and I, TMB in 
organoid and tumor samples, with no significant difference observed (ns, not significant). J and K, Tumor purity comparison showing slightly higher purity in 
GBM organoids compared with tumors (****, P < 0.0001). 
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Figure 3. 
Experimental validation and benchmarking of neoantigen prediction methods in our GBM cohort. A, Workflow for neoantigen prediction and 
screening, integrating genomic, transcriptomic, and HLA-binding information. B, Inclusion criteria and summary of our GBM cohort selection from 
public datasets for downstream neoantigen evaluation. C and D, Representative ELISpot assay results demonstrating T-cell reactivity to predicted 
neoantigen peptides. E, Distribution of immunogenic peptides (ELISpot-positive) across different HLA alleles and their presence in individual patient 
samples. F, ROC curves and AUC values for TCRscore and six existing neoantigen prediction tools: ImmuneApp, PRIME 2.0, NeoPred, MixMHCpred, 
MHCflurry 2.0, and HLAthena, evaluated on 127 peptides. G, PPV (PPVpercent) calculated for all methods as the fraction of validated immunogenic 
peptides ranked within the top n% of predicted peptides (n ¼ 127). H, Summary of mean PPVpercent with 95% confidence intervals (CI) across all valid 
n values for each method. Statistical comparisons were performed using paired Wilcoxon tests; ****, P < 0.0001. I, Summary of mean ACCpercent 
(ACC within the top n% predictions) with 95% CI for all methods. Statistical comparisons were performed using paired Wilcoxon tests; ****, P < 0.0001. 
WT, wild type. 
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high-ranking peptides (the top-scoring candidates predicted to 
be immunogenic, TCRscore ≥0.6, Fig. 1K) and low-ranking pep-
tides (the bottom-scoring candidates anticipated to be non-
immunogenic, TCRscore <0.6). This categorization enabled the 
evaluation of the true positive rate and potential false negatives, thereby 
offering a more comprehensive appraisal of the model’s performance. 

For the high-ranking peptides, we conducted IFNγ ELISpot as-
says using autologous T cells to assess their immunogenicity. Several 
peptides elicited strong IFNγ responses, as determined by a signif-
icant increase in spot counts upon stimulation with mutant peptides 
compared with corresponding wild-type peptides (Fig. 3C and D). 
This result confirms the ability of these neoepitopes to effectively 
activate T cells. To further verify T-cell specificity, we selected five 
positive peptides and performed HLA blocking experiments as well 
as additional assays using PBMCs predicted not to bind the corre-
sponding HLA alleles, which further confirmed HLA-restricted 
T-cell recognition (Supplementary Fig. S5). The validated peptides, 
including their sequences and source genes, predicted using HLA 
class I restriction, are summarized in Supplementary Table S4. 

ELISpot assays were primarily performed using autologous 
PBMCs collected from patients with GBM at the time of surgery. 
Considering that GBM-associated immune dysfunction may affect 
assay sensitivity, additional validation was conducted using PBMCs 
from healthy donors. These donors were selected based on the 
presence of HLA class I alleles predicted to bind the corresponding 
neoantigen peptides, allowing for relevant pMHC presentation. This 
approach helped control potential variability in T-cell function and 
further validated the immunogenicity of selected peptides. The de-
tailed HLA typing of the 21 patients with GBM and the healthy 
donor PBMCs is listed in Supplementary Tables S5 and S6. 

We conducted an in-depth investigation into the distribution of 
immunogenic (ELISpot-positive) peptides among the various HLA 
alleles and their occurrence in individual patient samples. Our 
analysis revealed that these peptides were not limited to a single 
allele or an individual, and the peptides with immunogenicity that 
bind to HLA-A are more numerous (Fig. 3E). Then, we bench-
marked the TCRscore against six widely used neoantigen prediction 
tools: ImmuneApp, PRIME 2.0, NeoPred, MixMHCpred, MHCflurry 
2.0, and HLAthena (Supplementary Table S7). Using the ELISpot re-
sults as ground truth, receiver operating characteristic analysis was 
performed. As shown in Fig. 3F, TCRscore achieved the highest AUC 
(AUC ¼ 0.77), indicating a superior ability to discriminate immuno-
genic from nonimmunogenic peptides. 

To further assess practical predictive value, we calculated the 
PPVpercent, defined as the proportion of true immunogenic peptides 
ranked within the top n% of predictions. Across all n thresholds, 
TCRscore consistently outperformed the other methods (Fig. 3G). A 
summary of the mean PPVpercent with 95% confidence intervals is 
shown in Fig. 3H. Statistical analysis using paired Wilcoxon tests 
revealed a significant TCRscore advantage (****, P < 0.0001). Similarly, 
ACCpercent (ACC among top-ranked peptides) was calculated for 
each model. The TCRscore achieved the highest mean ACCpercent 
with narrow confidence intervals and significantly outperformed other 
tools (Fig. 3I; ****, P < 0.0001; Supplementary Figure S6A). These 
results demonstrate that the TCRscore ranks immunogenic peptides 
more accurately and also provides higher practical enrichment of val-
idated neoantigens. In summary, the TCRscore achieved more than a 
35% improvement in mean PPV and more than a 7% increase in mean 
ACC compared with existing neoantigen prediction methods. 

To evaluate the limitations of the model and identify potential 
false negatives, we investigated the peptides that had low TCRscore 

rankings yet triggered positive immune responses in ELISpot assays. 
As presented in Supplementary Fig. S6B, three such peptides in-
duced detectable IFNγ secretion, notwithstanding their low prior-
itization by the model. Quantitative analysis affirmed that the 
spot counts for these peptides were significantly higher than 
those of the wild-type and negative controls (Supplementary Fig. 
S6C). Supplementary Table S8 presents detailed information on 
the ELISpot-positive peptides with low TCRscore rankings. 
These peptides exemplify false-negative instances, emphasizing 
that although the TCRscore is generally highly effective, certain 
immunogenic peptides may not achieve high rankings. 

Experimental confirmation of neoantigen immunogenicity 
using flow cytometry and organoid models 

To functionally validate the immunogenicity of predicted neo-
antigens, we conducted flow cytometry assays to assess the activation 
and cytotoxic potential of neoantigen-specific CD8+ T cells. CD69 was 
used as an early activation marker of T cells, whereas CD107a served as 
an indicator of degranulation and cytotoxic function. Compared with 
the wild-type controls, the peptide-stimulated T cells exhibited mark-
edly increased expressions of both CD69 and CD107a, indicating en-
hanced activation and effector function (Fig. 4A). 

Quantitative analysis across six patient-derived peptides was used 
to verify the significantly elevated percentages of CD69+ and 
CD107a+ CD8+ T cells in response to mutant peptides (Fig. 4B). 
These results suggest that the predicted neoepitopes robustly acti-
vated the T cells and promoted cytotoxic granule release, consistent 
with functional immunogenicity. 

To further assess the antitumor effects of neoantigen-specific T cells, 
we cocultured them with autologous GBM organoids. Immunofluo-
rescence staining for GFAP (tumor marker) and Ki-67 (proliferation 
marker) revealed substantial reductions in Ki-67+ tumor cells following 
exposure to mutant peptide-reactive T cells (Fig. 4C). In contrast, wild- 
type peptide-treated organoids retained elevated levels of Ki-67 ex-
pression, indicating limited immune-mediated cytotoxicity. 

Quantification of Ki-67+ cells among GFAP+ tumor populations 
showed a consistent and significant decrease in the mutant peptide 
groups across all tested samples (Fig. 4D; ****, P < 0.0001). 

In parallel, staining for cleaved caspase 3 (CC3) revealed that mutant 
peptides robustly triggered apoptosis in GBM organoids, as evidenced 
by a significantly higher proportion of CC3+ cells compared with wild- 
type peptide treatment (Supplementary Fig. S7; ****, P < 0.0001). 

These findings demonstrate that neoantigen-specific T cells not 
only become activated but also mediate effective antitumor re-
sponses in glioblastoma organoids. 

PIK3R1G376R identified as a shared neoantigen in multiple 
independent glioma cohorts 

To identify recurrent driver mutations with neoantigen potential, 
we analyzed somatic mutation profiles from primary glioma samples 
in both TCGA and CGGA datasets. The top 25 high-frequency 
mutations were summarized along with clinical characteristics such 
as IDH mutation status, grade, and survival outcome (Fig. 5A and B). 
Among the shared alterations, PIK3R1 emerged as a commonly 
mutated gene across both cohorts (TCGA: 6%, CGGA: 7%). 

We used MutSigCV to identify the significantly mutated driver 
genes in each dataset. As shown in Fig. 5C, multiple genes overlapped 
between TCGA and CGGA, including PIK3R1, indicating its recur-
rent role in glioma genesis. Mutation mapping across the 
PIK3R1 protein revealed a clustering of alterations within the 
iSH2 domain, with p.G376R being the most frequent hotspot in both 
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datasets (Fig. 5D; Supplementary Fig. S8). To further quantify its 
recurrence, we examined the proportion of glioma samples harboring 
PIK3R1 mutations. In both TCGA and CGGA cohorts, a substantial 

fraction of the PIK3R1-mutant samples carried the p.G376R substi-
tution (Fig. 5E, 14% in TCGA; 25% in CGGA), supporting its clas-
sification as a shared mutation present across patients. 
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Figure 4. 
Flow cytometric and organoid-based validation of neoantigen immunogenicity and T cell–mediated cytotoxicity. A, Representative flow cytometry plots 
showing CD69 and CD107a expression in CD8+ T cells stimulated with wild-type or mutant peptides. Mutant peptides induced stronger T-cell activation and 
degranulation. B, Quantification of CD69+ and CD107a+ CD8+ T cells in response to each peptide. Data are mean ± SEM; ****, P < 0.0001 (paired t test). 
C, Immunofluorescence images of glioblastoma organoids cocultured with peptide-specific T cells. Ki-67 staining (red) indicates proliferating tumor cells. Mutant 
peptide–reactive T cells reduced Ki-67+ cells more effectively than wild-type controls. D, Quantification of Ki-67+ cells among GFAP+ tumor cells in organoids. 
Data are shown as mean ± SEM; ****, P < 0.0001. 
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Considering its high recurrence and driver nature, we evaluated 
the potential of p.G376R to generate shared neoantigens. We pre-
dicted all possible 8- to 11-mer peptides spanning the mutant site 
and assessed their binding to common HLA class I alleles. Several 
peptides exhibited high TCRratio scores across multiple HLA types 
(Fig. 5F), indicating strong presentation and T-cell recognition 
potential. Notably, these HLA alleles are frequently represented in 
the TCGA glioma cohort, suggesting that PIK3R1G376R-derived 
neoepitopes could be broadly applied across the patient population. 

To functionally validate the immunogenicity of the recurrent 
PIK3R1G376R-derived neoepitope, we further performed coculture 
assays. Flow cytometry analysis revealed that stimulation with the 
mutant peptide led to a significant increase in CD69+ and CD107a+ 

CD8+ T cells compared with the wild-type counterpart (Fig. 5G and H), 
indicating effective T-cell activation and degranulation. To assess 
cytotoxic activity in a physiologically relevant context, we employed 
glioblastoma organoids derived from patient 15. Immunofluores-
cence staining demonstrated that T cells specific to the mutant 
peptide induced a stronger reduction in tumor cell proliferation, as 
evidenced by a lower proportion of Ki-67+ cells among GFAP+ 

tumor cells (Fig. 5I and J). Consistently, CC3 staining revealed a 
significant increase in tumor cell apoptosis following mutant 
peptide-specific T-cell treatment (Supplementary Fig. S9A and S9B). 
These results validate the p.G376R mutant peptide as a shared, 
functional neoantigen capable of eliciting cytotoxic T-cell responses 
both phenotypically and in an organoid-based model. 

These results support the PIK3R1G376R-derived neoepitope as a 
recurrent shared neoantigen in glioma, with potential utility for 
population-targeted immunotherapy approaches. 

Discussion 
Neoantigen-based personalized immunotherapy represents a 

promising approach to precision oncology. The binding of 
neoantigen peptides to MHC molecules is the first step of an 
immune response, in which the MHC molecules present the neo-
antigen peptides to T cells, subsequently activating the immune 
system and leading to tumor destruction (20). The predictive 
screening of neoantigen peptides primarily depends on two aspects: 
the binding ability between neoantigen peptides and MHC mole-
cules, along with the immunogenicity of the neoantigen peptides. 
Increasing attention has been paid to the immunogenicity of neo-
antigen peptides, specifically their ability to induce T-cell responses 
(63). Previous studies have shown that only a small proportion of 
neoantigen peptides are immunogenic, and accurately screening for 
these immunogenic neoantigens is necessary for successful treat-
ment using this therapy (64). NetMHCpan is a widely recognized al-
gorithm for predicting the binding ability between neoantigen peptides 
and MHC. However, consensus on algorithms for immunogenicity 
prediction is currently lacking, which remains an important challenge for 
researchers in this field. For in vitro validation, IFNγ ELISpot is currently 
the most used technology. Meanwhile, in vivo models predominantly use 
murine tumor cell line xenograft models, as the development of hu-
manized mouse models is challenging, costly, and time-consuming and 
has not yet been successfully applied to neoantigen research (65). 
Therefore, two major issues currently exist in the field of neoantigen 
therapy research: (i) the lack of a recognized algorithm based on peptide 
immunogenicity and (ii) the lack of a reliable preclinical model that 
accurately reflects the real tumor environment (66). 

In the present study, we first developed TCRscore, a deep learning– 
based algorithm trained on publicly available datasets, which incorporates 

pMHC binding, gene expression, and TCR recognition features to im-
prove neoantigen prioritization. We compared the performance of the 
TCRscore model with other state-of-the-art methods in publicly validated 
neoantigens, and TCRscore exhibited significantly better performance. 
To further evaluate its performance in an actual clinical context, we 
applied TCRscore to our cohort comprising 21 patients diagnosed with 
IDH wild-type GBM. TCRscore was used to prioritize candidate neo-
epitopes for experimental validation. Employing ELISpot, flow cytom-
etry, and coculture assays, we showed that TCRscore attained a higher 
validation rate for immunogenic neoantigens in comparison with six 
widely used prediction tools. 

The complex immune microenvironment within GBM presents ob-
stacles to immunotherapy. Immune checkpoint inhibitors, which repre-
sent a milestone in cancer immunotherapy, have shown promising 
results in solid tumors such as melanoma (67). However, their efficacy in 
GBM is limited, likely due to the immunosuppressive microenvironment 
and tumor heterogeneity of GBM (68). Similarly, CAR T-cell therapy, an 
active immunotherapy, has achieved remarkable success in hematologic 
malignancies but faces substantial challenges in GBM, including target 
loss and off-target effects (69). In 2018, two independent clinical studies 
demonstrated that neoantigen therapy could improve the immune mi-
croenvironment of GBM, bringing new immunotherapeutic opportu-
nities for GBM (6, 7). The efficacy of immunotherapy, including 
neoantigen-based approaches, is closely related to the immune micro-
environment within GBM. Previously, ELISpot has been widely used as 
an important preclinical model for validating neoantigen peptides. 
However, as an in vitro model, ELISpot cannot replicate the real tumor 
microenvironment, limiting its ability to predict the true tumor-killing 
effect elicited by activated T cells. In the current study, we propose that 
GBM organoid models could serve as ideal preclinical models for 
neoantigen peptide validation, as we have previously reported in our 
earlier work (20). 

GBM organoid models were initially developed by Hongjun 
Song’s team at the University of Pennsylvania, demonstrating their 
ability to retain the heterogeneity, mutational characteristics, and 
immune microenvironment of the parental tumor and successfully 
applying them to drug screening studies (49). Certain immune 
components in organoid models may gradually diminish or be lost 
during in vitro culture, but the key components, such as macro-
phages, T cells, and DC cells, are partially preserved to recapitulate 
the dynamic immune interactions. Moreover, ongoing researches 
are actively exploring ways to maintain all possible immune compo-
nents, including the optimization of media formulations and tissue 
preservation techniques. Notably, a recent study demonstrated that 
glioblastoma organoids could faithfully reproduce CAR T-cell responses 
observed in clinical settings, including cytokine patterns in cerebro-
spinal fluid (70). This underscores that despite the limitations of im-
mune components, current organoid models can still offer potential 
and predictive insights into immunotherapy efficacy. 

In our research, we utilized multiomics approaches to demon-
strate that organoid models retain the mutational characteristics of 
their parental tumors. Building on the initial validation of peptide 
immunogenicity using ELISpot and flow cytometry, we further sorted 
neoantigen-reactive T cells and cocultured them with matched patient 
organoids. Most reactive T cells achieved substantial cytotoxic effects, 
further confirming the ACC of immunogenicity algorithm predictions 
and the sensitivity of organoid models as preclinical validation tools. 
Notably, in organoid-killing assays, not all of the 13 immunogenic 
peptides identified through ELISpot elicited strong cytotoxic responses, 
potentially due to the suppressive tumor immune microenvironment, 
which also underscores the necessity for preclinical validation models. 
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Figure 5. 
PIK3R1G376R as a recurrent shared neoantigen candidate in glioblastoma. A to B, Top 25 high-frequency somatic mutations and corresponding clinical 
features in TCGA (A) and CGGA (B) primary glioma cohorts. C, Venn diagram showing overlapping significantly mutated driver genes identified by 
MutSigCV in TCGA and CGGA datasets. D, Mapping of mutation sites and types across the PIK3R1 protein in glioma samples from TCGA and CGGA, 
highlighting the p.G376R hotspot mutation. E, Distribution of PIK3R1 mutations in glioma samples, with pie charts indicating the frequency of the 
recurrent p.G376R variant in both cohorts. F, Predicted binding potential of 8–11-mer peptides spanning the PIK3R1G376R mutation to common HLA class I 
alleles. Heatmap values represent the TCRratio, reflecting the likelihood of T-cell recognition. The bar plot above shows the HLA allele frequency within 
the TCGA glioma cohort. These findings support PIK3R1G376R as a shared neoantigen candidate with potential population coverage. G, Flow cytometry 
plots showing CD69 and CD107a expression in CD8+ T cells stimulated with wild-type or mutant peptides. H, Quantification of CD69+ and CD107a+ CD8+ 

T cells in response to each peptide. Data are mean ± SEM; ****, P < 0.0001 (paired t test). I, Immunofluorescence images of glioblastoma organoids 
cocultured with peptide-specific T cells. Ki-67 staining (red) indicates proliferating tumor cells. Mutant peptide–reactive T cells reduced Ki-67+ cells 
more effectively than wild-type controls. J, Quantification of Ki-67+ cells among GFAP+ tumor cells in organoids. Data are shown as mean ± SEM; 
***, P < 0.001. 
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In the present study, our work provides a comprehensive framework 
that combines deep learning–based prediction with advanced in vitro 
validation, addressing two major bottlenecks in neoantigen research: 
prediction ACC and the physiologic relevance of validation systems. In 
parallel, the integration of matched multiomics and functional valida-
tion data across 21 organoid models allowed us to establish a high- 
fidelity, high-ACC neoantigen dataset, which may serve as a valuable 
resource for future prediction model development. These findings may 
inform future efforts in personalized immunotherapy, particularly in 
tumors such as glioblastoma, in which robust immune targets and 
modeling systems are urgently needed. 

Our findings also highlight the value of identifying shared neo-
antigens with therapeutic relevance across patients. Through inte-
grated genomic analysis of large-scale glioma cohorts, we identified 
PIK3R1G376R as a recurrent hotspot mutation and potential shared 
neoepitope. This mutation exhibited high frequency across indepen-
dent datasets and produced peptides with strong predicted binding 
and T-cell recognition potential across multiple common HLA alleles. 
Considering its high recurrence and immunogenicity, PIK3R1G376R 

represents a compelling candidate for population-targeted neoantigen- 
based immunotherapies, including T-cell receptor-engineered T cell or 
shared vaccine development strategies. TP53 has been reported as one 
of the most classic and well-known cancer markers; however, its HLA- 
A*02:01–restricted recognition of mutated p53 p.R175H was identified, 
and the minimal peptide epitope HMTEVVRHC accounts for only 
about 5% of TP53 mutations (71). Therefore, future studies could 
further evaluate the prevalence of PIK3R1G376R in pan-cancer contexts 
and its potential for clinical application. 

This study had two main limitations: (i) Our focus was on 9-mer 
neoantigen peptides, as the literature suggests that 9-mer neoantigen 
peptides exhibit advantages in MHC binding in GBM; however, we did 
not verify this in our data, nor did we perform experimental validation, 
and (ii) we did not validate candidate neoantigen peptides at the clinical 
level. Although organoid models largely reflect the intratumoral envi-
ronment of the parental tumor, in vitro culture models still differ from 
the real human environment. 

In our future work, we will advance this research. The progress of 
clinical trials for neoantigen dendritic cell vaccines is highly meaningful. 
To the best of our knowledge, leading international institutions have 
advanced this therapy to phase III trials (NCT06077760, NCT05685004, 
NCT05933577), and mRNA neoantigen vaccines have shown initial 
success in various cancers and seem to be highly promising in treating 
GBM (72, 73). Further clinical trials are needed to explore the under-
lying mechanisms of GBM neoantigens to offer more treatment options 
to patients with GBM. 
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et al. Actively personalized vaccination trial for newly diagnosed glioblastoma. 
Nature 2019;565:240–5. 

8. Dunn GP, Cloughesy TF, Maus MV, Prins RM, Reardon DA, Sonabend AM. 
Emerging immunotherapies for malignant glioma: from immunogenomics to 
cell therapy. Neuro Oncol 2020;22:1425–38. 

9. Huber F, Arnaud M, Stevenson BJ, Michaux J, Benedetti F, Thevenet J, 
et al. A comprehensive proteogenomic pipeline for neoantigen discovery 
to advance personalized cancer immunotherapy. Nat Biotechnol 2025;43: 
1360–72. 

10. Shemesh CS, Hsu JC, Hosseini I, Shen BQ, Rotte A, Twomey P, et al. Per-
sonalized cancer vaccines: clinical landscape, challenges, and opportunities. 
Mol Ther 2021;29:555–70. 

11. Li B, Jing P, Zheng G, Pi C, Zhang L, Yin Z, et al. Neo-intline: integrated 
pipeline enables neoantigen design through the in-silico presentation of T-cell 
epitope. Signal Transduct Target Ther 2023;8:397. 

12. Paul S, Croft NP, Purcell AW, Tscharke DC, Sette A, Nielsen M, et al. 
Benchmarking predictions of MHC class I restricted T cell epitopes in a 
comprehensively studied model system. PLoS Comput Biol 2020;16:e1007757. 
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