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Abstract 

Background  Lung cancer brain metastases (LC-BrMs) are frequently associated with dismal mortality rates in patients 
with lung cancer; however, standard of care therapies for LC-BrMs are still limited in their efficacy. A deep understand-
ing of molecular mechanisms and tumor microenvironment of LC-BrMs will provide us with new insights into devel-
oping novel therapeutics for treating patients with LC-BrMs.

Methods  Here, we performed integrated analyses of genomic, transcriptomic, proteomic, metabolomic, and single-cell 
RNA sequencing data which were derived from a total number of 154 patients with paired and unpaired primary lung 
cancer and LC-BrM, spanning four published and two newly generated patient cohorts on both bulk and single cell levels.

†Hao Duan, Jianlan Ren, Shiyou Wei, Zhenyu Yang, Chuan Li, Zhenning Wang 
and Meichen Li contributed equally to this work.

†Zhi Wei, Yaohui Chen, Maojin Yao, Likun Chen, Lunxu Liu, Gao Zhang and 
Yonggao Mou are senior authors.

*Correspondence:
Zhi Wei
zhiwei@njit.edu
Yaohui Chen
yhchen@scu.edu.cn
Maojin Yao
maojin.yao@aliyun.com
Likun Chen
chenlk@sysucc.org.cn
Lunxu Liu
lunxu_liu@aliyun.com
Gao Zhang
gzhang6@me.com
Yonggao Mou
mouyg@sysucc.org.cn
Full list of author information is available at the end of the article

http://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s13073-024-01410-8&domain=pdf


Page 2 of 30Duan et al. Genome Medicine          (2024) 16:138 

Results  We uncovered that LC-BrMs exhibited a significantly greater intra-tumor heterogeneity. We also observed 
that mutations in a subset of genes were almost always shared by both primary lung cancers and LC-BrM lesions, 
including TTN, TP53, MUC16, LRP1B, RYR2, and EGFR. In addition, the genome-wide landscape of somatic copy num-
ber alterations was similar between primary lung cancers and LC-BrM lesions. Nevertheless, several regions of focal 
amplification were significantly enriched in LC-BrMs, including 5p15.33 and 20q13.33. Intriguingly, integrated analy-
ses of transcriptomic, proteomic, and metabolomic data revealed mitochondrial-specific metabolism was activated 
but tumor immune microenvironment was suppressed in LC-BrMs. Subsequently, we validated our results by con-
ducting real-time quantitative reverse transcription PCR experiments, immunohistochemistry, and multiplexed immu-
nofluorescence staining of patients’ paired tumor specimens. Therapeutically, targeting oxidative phosphorylation 
with gamitrinib in patient-derived organoids of LC-BrMs induced apoptosis and inhibited cell proliferation. The combi-
nation of gamitrinib plus anti-PD-1 immunotherapy significantly improved survival of mice bearing LC-BrMs. Patients 
with a higher expression of mitochondrial metabolism genes but a lower expression of immune genes in their LC-BrM 
lesions tended to have a worse survival outcome.

Conclusions  In conclusion, our findings not only provide comprehensive and integrated perspectives of molecular 
underpinnings of LC-BrMs but also contribute to the development of a potential, rationale-based combinatorial thera-
peutic strategy with the goal of translating it into clinical trials for patients with LC-BrMs.

Keywords  Lung cancer brain metastases (LC-BrMs), Mitochondrial-specific metabolism, Tumor immune 
microenvironment

Background
Lung cancer is the second most commonly diagnosed 
cancer and one of primary causes of cancer-related 
mortality, representing 11.4% of cancers diagnosed and 
18.0% of cancer-related deaths worldwide in 2020 [1]. 
Lung cancer brain metastases (LC-BrMs) are one of the 
most frequent complications in patients with lung can-
cer [2]. As much as 20% of patients with lung cancer 
present with LC-BrMs at diagnosis and 50% at relapse 
[3]. Although cancer therapies have improved and 
patients tend to live longer with their primary tumors, 
the incidence of LC-BrMs has been rapidly increasing 
[4].

LC-BrMs frequently causes mortality but standard of 
care therapies for LC-BrMs are still limited in their effi-
cacy. Current standard care of therapies for lung adeno-
carcinoma involve molecular testing of epidermal growth 
factor receptor (EGFR) and anaplastic lymphoma kinase 
(ALK) at the initial diagnosis as multiple targeted thera-
pies have already been approved for those subtypes of 
diseases with actionable mutations. Although brain 
is permeable for second- or third-generation tyrosine 
kinase inhibitors (TKIs) targeting mutations in EGFR 
or ALK, a number of patients still have poor intracra-
nial responses. Most patients exhibited either intrinsic 
or acquired resistance over time [5–9]. This indicates 
additional genomic and non-genomic events may play a 
major role in promoting and sustaining BrMs.

In a study conducted by Brastianos et  al., the analysis 
of whole-exome sequencing (WES) data derived from 86 
“trios” of patient-matched pan-cancer BrMs, for which 
the comparison with primary tumors of various cancer 

types and normal blood samples demonstrated a pattern 
of branched evolution. They found that primary tumors 
and BrMs shared a common ancestor, yet BrMs pos-
sessed additional oncogenic alterations, which were not 
detected in up to 53% of primary tumors [10]. Recently, 
Shih et al. characterized the genomic landscape of BrMs 
from 73 patients with lung adenocarcinoma via WES, 
and discovered increases in amplification frequencies of 
MYC, YAP1, and MMP13 [11].

Unlike many organs in which extracranial metasta-
ses develop, the brain does not share a relatively similar 
composition at the cellular level with the organ in which 
the primary tumor originated [12]. The multifaceted cel-
lular process by which cancer cells adapt to this highly 
specialized tumor microenvironment may also involve 
additional steps of selecting and enriching modifications 
that occur genetically and epigenetically. By performing 
multi-omic analyses of a cohort of the lung, breast, and 
renal cell carcinomas consisting of BrMs and matched 
primary or extracranial metastatic tissues, Fukumura 
et  al. demonstrated that oxidative phosphorylation 
(OXPHOS) was prominently upregulated in BrMs and 
inhibition of OXPHOS alone impaired BrMs of breast 
cancer cell lines in preclinical models [13]. In the past 
decade, several inhibitors have been developed to target 
OXPHOS in tumor cells, including phenformin [14, 15], 
IACS-010759 [16], Gboxin [17], and gamitrinib [18–21], 
among which gamitrinib has demonstrated its selectiv-
ity and specificity. It is worth noting that among them, 
gamitrinib demonstrated a robust anti-tumor activ-
ity of in orthotopic glioma xenograft models as shown 
in several preclinical studies [20, 22, 23], indicating that 
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gamitrinib possessed a potent biological activity in brain. 
Importantly, gamitrinib has entered phase I clinical trial 
as a monotherapy to treat patients with advanced tumors 
(ClinicalTrials.gov Identifier: NCT04827810).

Considering the selective pressure of brain-resident 
cells acting on metastatic cells, emerging evidence has 
suggested a new avenue for therapeutic intervention 
of BrMs that is to target the crosstalk between can-
cer cells and the microenvironment [24]. Single-cell 
RNA sequencing (scRNAseq) of different metastatic 
lesions including BrMs derived from lung adenocar-
cinoma demonstrated vibrant dynamics of cellpopu-
lations and molecular interactions among the tumor, 
stromal, and immune compartments, which creates a 
pro-tumoral and immunosuppressive microenviron-
ment [25]. Recent studies showed that intracranial and 
extracranial benefits to immune checkpoint blockade 
monotherapy or in combination use with chemother-
apy were near identical in patients with lung cancer 
[26–28]. Understanding the tumor microenvironment 
of LC-BrMs will further improve the efficiency of cur-
rent immunotherapies.

In order to comprehensively reveal the genetic altera-
tions, transcriptomic dynamics, proteomic modifications, 
metabolic changes, and specialized microenvironment in 
LC-BrMs, we undertook a holistic approach by conduct-
ing integrated analyses of primary lung–brain metastasis 
pairs at genomic, transcriptional, proteomic, and metab-
olomic levels using WES, bulk RNAseq, proteomics, 
reverse phase protein array (RPPA), and metabolomics 
platforms. Our multi-omic results were further strength-
ened by validations via scRNAseq, mitochondrial DNA 
(mtDNA) content analysis, multiplex immunofluores-
cence (mIF), and immunohistochemistry (IHC) staining. 
Moreover, patient-derived organoids (PDOs) of LC-BrMs 
and a mouse LC-BrM model were used to investigate the 
therapeutic efficacy of gamitrinib and the combination of 
gamitrinib plus anti-PD-1 antibody on LC-BrMs, respec-
tively. This study has not only uncovered new molecular 
characteristics of LC-BrMs but also nominated a combi-
nation approach by targeting OXPHOS and reinvigorat-
ing the tumor immune microenvironment.

Methods
Patient cohorts and sample collection
We included paired primary lung cancer and BrMs 
derived from three published patient datasets [10, 11, 
13] and two newly generated cohorts in this study, in 
which multi-omics platforms were undertaken. Overall, 
we downloaded multi-omic data of primary lung–brain 
metastasis pairs from three eligible published cohorts, 
including Brastianos et al. (n = 38) [10], Shih et al. (n = 25) 
[11], and Fukumura et  al. (n = 14) [13]. The Brastianos 

and Shih cohorts contained only WES data. The Fuku-
mura cohort comprised WES of 14 patients, RNAseq of 
9 patients, and RPPA of 12 patients [13]. Additionally, we 
generated two new cohorts derived from patients who 
were presented at Sun Yat-sen University Cancer Center 
(SYSUCC) (n = 67) and West China Hospital (WCH) 
(n = 5). For the two newly generated cohorts, patient 
samples were collected under the Institutional Review 
Board (IRB) protocols of SYSUCC (Protocol B2021-256–
01) and WCH (2019–57), approved by the Medical Ethics 
Committee of SYSUCC and the Biomedical Ethics Com-
mittee of WCH (Sichuan University), respectively. Writ-
ten informed consent were obtained from all patients. 
The SYSUCC cohort comprised WES of 42 patients, 
RNAseq of 47 patients, proteomics of 4 patients, metabo-
lomics of 4 patients, mtDNA content of 24 patients, IHC 
staining of 44 patients, and mIF staining of 43 patients. 
Additionally, 20 patients of the SYSUCC cohort were 
enrolled for PDO generation and PDO-related experi-
ments. The 5 patients of WCH cohort were all subject to 
IHC and mIF staining. An additional published cohort 
(n = 25) of scRNAseq derived from unpaired primary 
lung cancers (n = 15) and BrMs (n = 10) was also included 
for validation analyses [25]. No statistical methods were 
used to predetermine sample size. The experiments were 
not randomized, and the investigators were knowingly 
completing their work during experiments and outcome 
assessment.

Medical records and archived formalin fixed paraffin-
embedded (FFPE) tissues of patients from SYSUCC and 
WCH were retrospectively retrieved. Clinicopathologi-
cal data including patient age at diagnosis of BrMs, sex, 
smoking history, date of primary diagnosis, pathologi-
cal diagnosis, cancer stage of primary diagnosis, date of 
BrMs diagnosis, treatment before BrMs diagnosis, treat-
ment for BrMs before surgical resection, date of crani-
otomy, location of BrMs, date of last follow-up, deceased 
date, and survival status were collected from medical 
records. The last date of follow-up was December 2022. 
Survival status of patients was determined from clinical 
attendance records or direct telecommunication with 
patients or their families. Overall survival (OS) was 
defined as the time between craniotomy for BrMs and 
cancer-caused death or the date of last follow-up.

For preparation of FFPE tumor sections of patients 
from SYSUCC and WCH, two experienced pathologists 
reviewed the hematoxylin and eosin (H&E) staining of 
the surgically resected tumor samples and selected the 
most representative tumor tissue of each sample. Then, 
the representative FFPE samples of which sizes were 
comparable were sectioned. Fresh-frozen whole blood 
samples of patients were obtained retrospectively from 
the biobank of SYSUCC.
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In this study, a total of 154 patients were enrolled for 
multi-omic profiling, including whole exome sequencing 
(WES) (n = 119), independent mitochondrial DNA content 
(mtDNA content) (n = 24), RNA sequencing (RNA-seq) 
(n = 56), immunohistochemistry (IHC) (n = 49), multi-
plex immunofluorescence staining (mIF staining) (n = 48), 
4D Data Independent Acquisition (DIA) quantitative 
proteomics (n = 4), Reverse Phase Protein Array (RPPA) 
(n = 12), targeted metabolomics (n = 4), and independent 
single-cell RNA sequencing (scRNA-seq) (n = 25). Addi-
tionally, 20 patients were enrolled for PDO generation and 
PDO-related experiments. The clinical information of all 
patients is shown in Additional file 1: Table S1.

DNA extraction and WES
After FFPE sample sections were scalpeled into 1.5-mL 
micro centrifuge tube. Deparaffinization solution was 
used to remove paraffin. Then Maxwell 16 FFPE Plus LEV 
DNA Purification Kit (Promega) was used to extract FFPE 
DNA, and genomic DNA was extracted from a 0.5-mL 
aliquot of whole blood with the DNeasy Blood and Tissue 
Kit (69,506, Qiagen) according the protocol’s instructions. 
Then the integrity and concentration of the total DNA 
was determined by agarose electrophoresis and Qubit 3.0 
fluorometer dsDNA HS Assay (Thermo Fisher Scientific). 
About 300-ng high-quality DNA sample was used to con-
struct sequencing library. The 300 ng genomic DNA con-
centrations were sheared with Covaris LE220 Sonicator 
(Covaris) to target of 150–200 bp average size. DNA librar-
ies were prepared using SureselectXT reagent kit (Agilent). 
The fragments were repaired the 3’ and 5’ overhangs using 
End repair mix (component of SureselectXT) and puri-
fied using Agencourt AMPure XP Beads (Beckman). The 
purified fragments were added with “A” tail using A tail-
ing Mix (component of SureSelectXT) and then ligated 
with adapter using the DNA ligase (component of Sure-
selectXT). The adapter-ligated DNA fragments were 
amplified with Herculase II Fusion DNA Polymerase (Agi-
lent). Finally, the pre-capture libraries containing exome 
sequences were captured using SureSelect Human All 
Exon V6 kit (Agilent). DNA concentration of the enriched 
sequencing libraries was measured with the Qubit 3.0 
fluorometer dsDNA HS Assay (Thermo Fisher Scien-
tific). Size distribution of the resulting sequencing librar-
ies was analyzed using Agilent BioAnalyzer 4200 (Agilent). 
Sequencing was performed using an NovaSeq 6000 S4 fol-
lowing Illumina-provided protocols for 2 × 150 paired-end 
sequencing in Mingma Technologies (Shanghai, China).

RNA extraction and RNAseq
After FFPE sample sections were scalpeled into 1.5-mL 
micro centrifuge tube. Deparaffinization solution was 
used to remove paraffin. Then Maxwell 16 LEV RNA 

FFPE kit (Promega) was used to extract FFPE RNA 
according the protocol’s instructions. RNA integrity was 
determined by 2100/2200 Bioanalyser (Agilent) with 
DV200 (Percentage of RNA fragments > 200 nt frag-
ment distribution value) and quantified using the Nan-
oDrop (Thermo Scientific). RNA purification, reverse 
transcription, library construction, and sequencing were 
performed at Mingma Technologies (Shanghai, China) 
according to the manufacturer’s instructions (Illumina). 
The captured coding regions of the transcriptome from 
total RNA were prepared using TruSeq® RNA Exome 
Library preparation Kit. For FFPE sample, RNA input 
for library construction was determined by the qual-
ity of RNA. Generally, 20  ng RNA was recommended 
for FFPE RNA sample with high quality and 20–40  ng 
RNA is for FFPE RNA sample with medium quality. For 
FFPE RNA sample with low quality, 40–100 ng total RNA 
was used as input. Then the cDNA was generated from 
the input RNA fragments using random priming during 
first- and second-strand synthesis and sequencing adapt-
ers were ligated to the resulting double-stranded cDNA 
fragments. The coding regions of the transcriptome 
were then captured from this library using sequence-
specific probes to create the final library. After library 
constructed, Qubit 2.0 fluorometer dsDNA HS Assay 
(Thermo Fisher Scientific) was used to quantify concen-
tration of the resulting sequencing libraries, while the 
size distribution was analyzed using Agilent BioAna-
lyzer 2100 (Agilent). Sequencing was performed using an 
NovaSeq 6000 S4 following Illumina-provided protocols 
for 2 × 150 paired-end sequencing in Mingma Technolo-
gies at Shanghai, China.

Computational pipelines
All pipelines were developed according to National Can-
cer Institute sequencing pipelines. Unless otherwise 
stated, all tools mentioned are part of GATK 4 suite [29]. 
All data were analyzed with homogenous pipelines capa-
ble of processing raw fastq files as well as re-processing 
previously analyzed bam files.

Alignment and pre‑processing
WES data pre-processing was conducted in accordance 
to the GATK Best Practices using GATK 4.0 [30]. In brief, 
aligned BAM files were separated by read group, sanitized 
and stripped of alignments and attributes using “Revert-
Sam”, which generated one unaligned BAM (uBAM) 
file per readgroup. Uniform readgroups were assigned 
to uBAM files using “AddOrReplaceReadgroups”. Then 
uBAM files were reverted to interleaved fastq format 
using “SamToFastq”. Unaligned fastq files underwent 
quality control using “FastQC”. Sequencing adapters 
were marked and removed using “Trim_glore”. Fastq files 
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were finally aligned to the b37 genome using “BWA 
MEM” and attributes were restored using “MergeBamA-
lignment”. “MarkDuplicates” was then used to merge 
aligned BAM files from multiple readgroups and to mark 
PCR and optical duplicates across identical sequencing 
libraries. Lastly, base recalibration was performed using 
“BaseRecaliBrator” followed by “ApllyBQSR”. Cover-
age statistics were gathered using “CollectHsMetrics”. 
Quality control of alignment was performed by running 
“ValidateSamFile” on the final BAM file and quality con-
trol results were further inspected using “MultiQC”. The 
tool “CrosscheckFingerprints” was used to confirm that 
all readgroups within a sample belong to the same indi-
vidual and that all samples from one individual match. 
Any mismatches were marked and excluded from fur-
ther analysis. RNA data pre-processing was conducted 
in accordance to the mRNA analysis pipeline published 
on National Cancer Institute. The raw fastq files went 
through quality control using “FastQC” [30]. The bases 
that did not pass it were cut off using “Trim_glore”. Fastq 
files were then aligned to the b37 genome using “STAR” 
to generate BAM files [31]. Post quality control were 
applied to these BAM files using “CollectRNASeqMet-
rics”, which produced metrics describing the distribution 
of the bases within the transcripts.

WES variant detection
Variant detection was performed in accordance to the 
GATK Best practices using GATK4. Germline vari-
ants were called from control samples using Mutect2 in 
artifact detection mode and pooled into a cohort-wide 
panel of normal samples [32]. Somatic variants were sub-
sequently called from tumor samples with match con-
trol samples (tumor with matched normal mode) using 
Mutect2. The parameters in Mutect2 include matched 
normal sample, the reference fasta file, the panel of nor-
mal mentioned in the above and the gnomAD germline 
resources as additional controls. Cross-sample con-
tamination was evaluated using “GetPileupSummaries” 
and “CalculateContamination” run for all samples, both 
tumor and matching normal. Read orientation artifacts 
were evaluated using “Collect-F1R2Counts” and “Learn-
ReadOrientationModel”. Additional filters were added 
through “FilterMutectCalls”, including artifact-in-normal 
and contamination fractions.

WES variant post‑processing
BCFTools was used to normalize, sort, and index variants 
[33]. A consensus VCF was generated from all variants in 
the cohort with any duplicate variants removed. The VCF 
file was annotated using GATK4.1 Funcotator and the 
v1.7.20200521 s annotation data source [34].

Mutational burden
The mutational burden was calculated as the number 
of mutations per Mb sequenced. A minimum coverage 
threshold of 15 × was required for each base. tcgaCom-
pare was used to compare BrM and primary against 33 
TCGA cohorts including LUAD, LUSC, SKCM, and so 
on [35].

Unique and shared mutations
Post-processed mutations in tumor samples were com-
pared with its matched ones from primary lung cancer 
samples. In between two mutation results, the shared 
mutations were defined as same mutations on same chro-
mosome position and leading to same type variants on 
same genes. Otherwise, the rest variants were defined as 
unique to their own.

Mutational signatures and Oncoplots
The relative contributions of the COSMIC mutational 
signatures were determined from mutations identified 
in a patient’s LC-BrM and primary lung cancer samples 
[36]. Adjacent bases surrounding the mutated base were 
obtained and formed a mutation matrix. The matrix was 
used to run NMF and measures the goodness of fit, in 
terms of Cophenetic correlation. Then, the matrix was 
decomposed into multiple signatures, and compared 
to known signatures from COSMIC database depend-
ing on the calculated cosine similarity. All BrM samples 
and primary samples were compared to identify differen-
tially mutated genes. First all called somatic variants were 
merged using “merge-vcf”, converted to one VCF file and 
further annotated using Funcotator. The differentially 
mutated genes were then detected using fisher test on all 
genes between two cohorts, and plotted using oncoplots.

Tumor heterogeneity and MATH
The heterogeneity was inferred by clustering VAF in both 
LC-BrM and primary lung cancer samples. The median 
absolute deviation (MAD) was determined through 
mutant-allele fraction (MAF) for all tumors by calculat-
ing the absolute value of the difference of each MAF from 
the median MAF value. MATH score is a simple quan-
titative measure of ITH, which is the width of the VAF 
distribution and calculated as the percentage ratio to the 
MAD to the median of the distribution of MAFs among 
the tumor’s mutated genomic loci [37].

Copy number segmentation
Copy number identification was performed according 
to recommended workflow (http://​varsc​an.​sourc​eforge.​

http://varscan.sourceforge.net/copy-number-calling.html
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net/​copy-​number-​calli​ng.​html) for the variant detection 
in massively parallel sequencing data (VarScan) [38]. 
Both LC-BrM and primary lung cancer samples went 
through the same workflow in order for us to identify 
tumor-specific (somatic) copy number changes. The raw 
copy number calls were determined by using “samtools 
mpileup” on normal blood samples and tumor samples 
(both BrM and primary lung cancer). The GC content 
of raw copy number calls was adjusted and preliminary 
calls were made using “copyCaller”. Then circular binary 
segmentation algorithm was applied to adjusted copy 
number using DNAcopy library from BioConductor, 
and the results were visualized using DNAcopy pack-
age (https://​bioco​nduct​or.​org/​packa​ges/​relea​se/​bioc/​
html/​DNAco​py.​html). Finally, the data points were re-
centered using “copyCaller” again if the segments were 
above or below the neutral value.

Copy number calling
Copy number calling was performed using GISTIC2.0 
to identify genes of somatic copy number alterations 
(SCNAs) [39]. Segmented copy-number (from Conflict-
based search algorithm) was deconstructed into its most 
likely set of underlying SCNAs using “Ziggurat Decon-
struction” algorithm, which separates arm-level and focal 
SCNAs explicitly by length. Then the deletion and ampli-
fication scores for both focal and arm-level SCNAs were 
calculated through GISTIC probabilistic framework based 
on markers. Finally, the number of independently signifi-
cant SCNAs on each chromosome was determined using 
the “Arbitrated Peel-off” algorithm, and the boundaries of 
significantly altered regions were determined using “Reg-
Bounder” approach based on approximating the amount 
of expected local variation in GISTIC score profiles.

We utilize two additional outputs, namely "Amp_genes.
conf_90.txt" and "Del_genes.conf_90.txt," to identify dis-
tinctive amplification and deletion peaks in BrM in com-
parison to the Primary. These outputs comprise a tabular 
presentation of amplification and deletion peaks, accom-
panied by the corresponding genes and their respective 
q-values. We have emphasized the peaks exclusively 
detected in BrM, with a q-value below 0.05. To refine the 
selection of functional gene-level CNVs within the arm-
level regions, we exclusively retained CNVs that directly 
impact the functionality of specific genes, encompassing 
both oncogenes and tumor suppressors. Moreover, we 
included CNVs labeled as oncogenic or predicted to be 
oncogenic according to OncoKB [29625050] [40, 41].

Batch effect removal
RNAseq from three batches (Fukumura et  al. batch, 
SYSUCC batch 1, and SYSUCC batch 2) was batch 

corrected using ComBat-seq, using a negative bino-
mial regression model that retains the integer nature 
of count data in RNAseq [13, 42]. SYSUCC has two 
batches with 4 overlapped patients, so a Pearson corre-
lation value was calculated for each of these 4 patients’ 
RNAseq counts in-between two batches, and all values 
are higher than 0.97. The RNAseq data from SYSUCC 
batch 2 was retained. Finally, the corrected counts’ 
data was plotted using PCA based on their similarities.

Differentially expressed genes in SCNAs
Similar approach as stated in “Comparing two cohorts” 
was used to detect the differentially expressed genes 
between BrM and primary lung SCNAs. The only dif-
ference is to replace the total number of somatic muta-
tions to the total number of amplification and deletion 
on each gene.

Differential gene expression analysis of RNAseq data
Following alignment, BAM files were processed 
through the RNA Expression Workflow to determine 
RNA expression levels. The reads mapped to each gene 
are enumerated using “HT-Seq-Count” [42]. The num-
ber of reads mapped to each gene are normalized using 
“DESeq2”, which uses the negative binomial as the ref-
erence distribution and provides its own algorithm 
[43]. The results from DESeq2 include base means 
across samples, log2 fold changes, standard errors, test 
statistics, p-values, and adjusted p-values. Visualiza-
tion of these significant genes are plotted using “Vol-
cano Plot”.

Gene set enrichment analysis (GSEA)
Pathway analysis was conducted using “fgsea”, a fast 
preranked GSEA [44]. The ranked significant genes col-
lected from “DESeq2” and reactome pathway dataset (c2.
cp.reactome.v7.4) were given as inputs to “fgsea”, which 
generated outputs including pathway names, enrichment 
score, normalized enrichment score, and its p-value.

Immune cell abundance analysis
Relative immune cell fraction data used in downstream 
neoantigen analysis were determined by “MCPcounter” 
R package [45]. ESTIMATE relative immune cell analysis 
was determined by “Estimate” r package. Gene expres-
sion data was used in CIBERSORTx to provide an estima-
tion of the abundances of member cell types in a mixed 
cell population (https://​ciber​sortx.​stanf​ord.​edu/) [46].

http://varscan.sourceforge.net/copy-number-calling.html
https://bioconductor.org/packages/release/bioc/html/DNAcopy.html
https://bioconductor.org/packages/release/bioc/html/DNAcopy.html
https://cibersortx.stanford.edu/)


Page 7 of 30Duan et al. Genome Medicine          (2024) 16:138 	

Survival analysis
The overall survival (OS) defined as the time between 
craniotomy for BrMs and cancer-caused death or the 
date of last follow-up was subjected to survival analyses 
carried out using the Survminer package in R software 
(version 4.1.0.). Gehan-Breslow (a generalized Wil-
coxon) tests were used for univariate comparisons in the 
Kaplan–Meier survival curve. The variate is the average 
of pathway enrichment scores that was calculated using 
method single sample GSEA in the Gene Set Variation 
Analysis package. Primary tumor or BrM samples were 
divided into two groups according to the scores, includ-
ing enriched (greater than zero) and non-enriched (less 
than zero).

Dimension reduction and unsupervised clustering 
for scRNAseq data
scRNAseq data was collected from a published dataset 
Kim 2020 [25]. It contained 208,506 single cells from 
LUAD patients, in which 29,060 were LC-BrM cells and 
45,149 were primary lung cancer cells. Specifically, only 
the BrM and primary lung cancer cells were included 
for the downstream analysis. The data was downloaded 
as normalized log2TPM matrix, and the genes that were 
expressed at low levels were removed. Variably expressed 
genes with mean expression between 0.01 and 3 were 
selected using “Seurat” in R, and then used to compute 
the principal components (PCs). The significant PCs 
were selected using “PCElbowPlot” and “JackStraw” in 
Seurat. Cell clustering and tSNE visualization were per-
formed using “FindClusters” and “RunTSNE” functions, 
respectively. Gene set enrichment was calculated using 
the “enrichIt” function from R package “escape” and dis-
played using “FeaturePlot” with tSNE reduction.

mtDNA copy number detection
Twenty nanograms FFPE genomic DNA was used to con-
duct RT-qPCR. mtDNA were amplified using specific 
primers with the Fast SYBR™ Green Master Mix (Ther-
moFisher, 4,385,610). Primer sequence for RT-qPCR 
were as follows: mtDNA: forward primer, 5′- CAC​CCA​
AGA​ACA​GGG​TTT​GT-3′, and reverse primer, 5′- TGG​
CCA​TGG​GTA​TGT​TGT​TA-3′; and β2-microglobulin: 
forward primer, 5′-TGC​TGT​CTC​CAT​GTT​TGA​TGT​
ATC​T-3′, and reverse primer, 5′- TCT​CTG​CTC​CCC​
ACC​TCT​AAGT-3′. The relative mtDNA copy number 
was analyzed by the 2−ΔΔCt method.

IHC staining
The FFPE sections were rewarmed at 65 °C for 3 h and then 
deparaffinized and rehydrated with degraded alcohol. After 

that, heat-induced antigen retrieval was carried out with 
0.01  M citrate salt buffer (ZSGB-BIO, Beijing, China) at 
95 °C for 15 min. After being incubated with 0.3% H2O2 for 
10 min and blocked with 10% fetal calf serum for 15 min, 
the tissue sections were incubated with anti-MTCO1 
(abcam, ab14705), anti-UQCRC2 (Proteintech, 14,742–1), 
anti-COXIV (CST, 4850), anti-Ki-67 (abcam, ab16667), 
anti-CD3 (CST, 78,588), anti-CD4 (abcam, ab183684), anti-
CD8 (CST, 98,941), and anti-PD-L1 (CST, 64,988) antibod-
ies at 4  °C overnight. Subsequently, these tissue sections 
were incubated with horseradish peroxidase-conjugated 
anti-mouse or anti-rabbit antibody (ZSGB-BIO, PV-6000) 
at room temperature for 60 min. Then, the sections were 
stained with DAB + substrate-chromogen solution (ZSGB-
BIO, PV-6000) at room temperature for 30 s and counter-
stained with hematoxylin. The expression level of MTCO1, 
UQCRC2, and COXIV were evaluated by both staining 
intensity and percentage of staining positive cells accord-
ing to a semi-quantitative scoring system. Staining intensity 
was scored as 0 for negative staining, 1 for weak staining, 2 
for moderate staining, and 3 for strong staining. Percentage 
of positive cells was quantified as 0 for ≤5% positive cells, 1 
for 6-25%, 2 for 26-50%, 3 for 51-75% and 4 for ≥76%. Per-
centage of positive staining was determined using a semi-
quantitative scoring system. Percentage of positive cells 
was quantified as 0 for ≤5% positive cells, 1 for 6-25%, 2 for 
26-50%, 3 for 51-75% and 4 for ≥76%. The immunoreac-
tivity score was then generated by multiplying the score of 
staining intensity and the percentage of positive cells.

mIF
Twenty-eight matched primary lung tumors and BrM 
lesions were stained with mIF. The formalin fixed par-
affin embedded bullae were sectioned and processed 
using Opal Polaris™ 7-color Manual IHC Kit (Akoya Bio-
sciences) following the manufacturer’s recommendation. 
The mIF panel included DAPI (Abcam, ab104139), anti-
CD3 (Abcam, ab16669), anti-CD68 (Abcam, ab192847), 
anti-Ki-67 (Abcam, ab16667), anti-panCK (Abcam, 
ab7753), anti-PD-1 (Abcam, ab237728), and anti-PD-L1 
(Abcam, ab237726).

4D‑DIA quantitative proteomics assay
Fresh-frozen tumor samples were first grinded by liq-
uid nitrogen and then the powder was transferred to 
a 1.5-ml centrifuge tube and sonicated three times on 
ice, using a high-intensity ultrasonic processor in a 
lysis buffer (8 M urea including 1 mM PMSF and 2 mM 
EDTA). Then, the remaining debris was removed by 
centrifugation at 15,000 g and was transferred. Finally, 
the protein concentration was determined with a BCA 
kit according to the instructions of the manufacturer. 
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Equal amounts of proteins from each sample were used 
for tryptic digestion. 8  M urea was added to 200  µl 
supernatants, then reduced with 10  mM DTT for 
45  min at 37°C and alkylated with 50 mM iodoaceta-
mide for 15 minutes in a dark room at room temper-
ature. 4 × volume of chilled acetone was added and 
precipitated at -20°C for 2 hours. After centrifugation, 
the protein precipitate was air-dried and resuspended 
in 200 μL of 25 mM ammonium bicarbonate solution 
and 3 μL of trypsin (Promega) and digested overnight 
at 37°C. After digestion, peptides were desalted using 
C18 Cartridge followed by drying with Vacuum con-
centration meter, concentrated by vacuum centrifuga-
tion, and redissolved in 0.1% (v/V) formic acid. Liquid 
chromatography (LC) was performed on a nanoElute 
UHPLC (Bruker Daltonics, Germany). Two hundred-
nanogram peptides were separated within 60  min at 
a flow rate of 0.3 µL/min on a commercially available 
reverse-phase C18 column with an integrated Cap-
tiveSpray Emitter (25 cm × 75 μm ID, 1.6 μm, Aurora 
Series with CSI, IonOpticks, Australia). The separation 
temperature was kept by an integrated Toaster col-
umn oven at 50°C. Mobile phases A and B were pro-
duced with 0.1 vol.-% formic acid in water and 0.1% 
formic acid in HPLC-grade acetonitrile (ACN). Mobile 
phase B was increased from 2 to 22% over the first 45 
min, increased to 35% over the next 5 min, further 
increased to 80% over the next 5 min, and then held at 
80% for 5 min, and then held at 80% for 5 min. The LC 
was coupled online to a hybrid timsTOF Pro2 (Bruker 
Daltonics, Germany) via a CaptiveSpray nano-electro-
spray ion source (CSI). The timsTOF Pro2 was oper-
ated in Data-Independent Parallel Accumulation-Serial 
Fragmentation (PASEF) mode with 10 PASEF MS/MS 
frames in 1 complete frame. The capillary voltage was 
set to 1400  V, and the MS and MS/MS spectra were 
acquired from 100 to 1700  m/z. As for ion mobility 
range (1/K0), 0.7 to 1.4 Vs/cm2 was used. The TIMS 
accumulation and ramp time were both set to 100 ms, 
which enable an operation at duty cycles close to 100%. 
The ’target value’ of 10,000 was applied to a repeated 
schedule, and the intensity threshold was set at 2500. 
The collision energy was ramped linearly as a function 
of mobility from 59  eV at 1/K0 = 1.6 Vs/cm2 to 20  eV 
at 1/K0 = 0.6 Vs/cm2. The quadrupole isolation width 
was set to 2Th for m/z < 700 and 3Th for m/z > 800. 
MS raw data were analyzed using DIA-NN (v1.8.1) 
with a library-free method. The Homo sapiens Swis-
sProt database (20,425 entries) was used to create a 
spectra library with deep learning algorithms of neural 
networks. The option of MBR was employed to create 
a spectral library from DIA data and then reanalyzed 
using this library. FDR of search results was adjusted 

to < 1% at both protein and precursor ion levels, the 
remaining identifications were used for further quan-
tification analysis.

Quantitative analysis of energy metabolism
ACN and methanol (MeOH) were purchased from 
Merck (Darmstadt, Germany). MilliQ water (Millipore, 
Bradford, USA) was used in all experiments. All of the 
standards were purchased from Sigma-Aldrich (St. 
Louis, MO, USA) and Zzstandard  (Shanghai, China). 
Formic acid was bought from Sigma-Aldrich (St. Louis, 
MO, USA). The stock solutions of standards were pre-
pared at the concentration of 1  mg/mL in MeOH and 
other solutions. All stock solutions were stored at 
-20°C. The stock solutions were diluted with MeOH 
to working solutions before analysis. Formic acid was 
bought from Sigma-Aldrich. After the fresh-frozen 
samples were thawed and smashed, an amount of 0.05 g 
of each sample was mixed with 500 μL of 70% meth-
anol/water. The sample was vortexed for 3 min under 
the condition of 2500 r/min and centrifuged at 12,000 
r/min for 10 min at 4°C. The stock solutions of stand-
ards were prepared at the concentration of 1 mg/mL in 
MeOH and other solutions. Take 300 μL of supernatant 
into a new centrifuge tube and place the supernatant 
in -20°C refrigerator for 30 min. Then the superna-
tant was centrifuged again at 12,000 r/min for 10 min 
at 4°C. After centrifugation, transfer 200 μL of super-
natant through Protein Precipitation Plate for further 
LC-MS analysis. The sample extracts were analyzed 
using an LC–ESI–MS/MS system (Waters ACQUITY 
H-Class; MS, QTRAP® 6500 + System). The analytical 
conditions were as follows. Amide method: HPLC: col-
umn, ACQUITY UPLC BEH Amide (i.d. 2.1×100 mm, 
1.7 μm); solvent system, water with 10 mM Ammonium 
acetate and 0.3% Ammonium hydroxide (A), 90%  ace-
tonitrile/water (V/V) (B); The gradient was started at 
95% B (0-1.2 min), decreased to 70% B (8 min), 50% B 
(9-11 min), finally ramped back to 95% B (11.1–15 min); 
flow rate, 0.4 mL/min; temperature, 40°C; injection vol-
ume: 2 μL. Linear ion trap and triple quadrupole scans 
were acquired on a triple quadrupole-linear ion trap 
mass spectrometer (QTRAP), QTRAP® 6500 + LC–
MS/MS System, equipped with an ESI Turbo Ion-Spray 
interface, operating in both positive and negative ion 
mode and controlled by Analyst 1.6.3 software (Sciex). 
The ESI source operation parameters were as follows: 
ion source, ESI + / − ; source temperature 550 °C; ion 
spray voltage (IS) 5500  V (Positive), − 4500  V (Nega-
tive); curtain gas was set at 35 psi, respectively. Trypto-
phan and its metabolites were analyzed using scheduled 
multiple reaction monitoring (MRM). Data acquisitions 
were performed using Analyst 1.6.3 software (Sciex). 
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Multiquant 3.0.3 software (Sciex) was used to quantify 
all metabolites. Mass spectrometer parameters includ-
ing the declustering potentials (DP) and collision ener-
gies (CE) for individual MRM transitions were done 
with further DP and CE optimization. A specific set 
of MRM transitions were monitored for each period 
according to the metabolites eluted within this period.

Patient‑derived organoids (PDOs) generation and viability 
assay
The culture of PDOs was performed according to 
the method previously reported [47]. Briefly, freshly 
resected LC-BrMs, approximately 1  cm × 1  cm × 1  cm 
in size, were obtained from SYSUCC, finely minced, 
and transferred to a 50-mL conical tube, including a 
digestion mix 400 consisting of serum-free advanced 
DMEM/F-12 medium (Gibco, USA) and 1 mg/ml colla-
genase IV (Sigma, USA), and incubated for 1 h at 37  °C 
with shaking. The cell suspension that had been digested 
was combined with Matrigel (BD Biosciences, USA) at 
a ratio of 1:1.5 (v/v) and then placed in 96-well plates 
at a volume of 10 μl per well. The culture medium con-
tained advanced DMEM/F-12 with PS (1 ×), glutamine 
(1 ×), B27 supplement (1 ×), nicotinamide (5 mM), nace-
tylcysteine (1.25  mM), A83-01 (500  nM), SB202190 
(500 nM), Y-27632 (5 mM), noggin (100 ng/ml), R-spon-
din 1 (250 ng/ml), FGF 2 (5 ng/ml), FGF 10 (10 ng/ml), 
and EGF (5  ng/ml). Supplemented culture medium of 
100 µl was added to each well, and organoids were main-
tained in a 37 °C humidified atmosphere under 5% CO2. 
To measure the IC50 of gamitrinib on PDOs, PDOs were 
dissociated into smaller clusters containing approxi-
mately 2000 cells, resuspended in 36 µL culture medium 
and seeded in each well of a 384-well plate. After 48  h, 
4 µL of a threefold dilution series of each drug was dis-
pensed separately; three technical replicates of each drug 
were tested on three plates. After 3  days, cell viability 
was quantitated using the CellTiter-Glo 3D Cell Viabil-
ity Assay (G9681, Promega) following the manufactur-
er’s instructions. Relative luminescence units (RLU) for 
each well were normalized to the median RLU from the 
DMSO control wells, used as 100% viability. IC50 values 
were generated using Prism 9 (GraphPad Software, Bos-
ton, MA, USA). PDOs were seeded in 96-well plates with 
(GraphPad Software, Boston, MA, USA) a total volume 
of 100 gamitrinib at IC50 dosage or DMSO in 100b at 
IC00. Then, PDOs were collected and subjected to prot-
eomics assay, quantitative analysis of energy metabolism, 
immunofluorescence staining, and RT-qPCR. For immu-
nofluorescence staining of PDOs, the medium was care-
fully aspirated after 4 days incubation with gamitrinib or 
DMSO, and 100 DMSO (L3224, Invitrogen) was added 

followed by 20–30  min of incubation at room tempera-
ture in the dark. Images were acquired with imaging sys-
tem (IX73, OLYMPUS, Japan).

RT‑qPCR of PDOs
Total RNA was extracted from PDOs. One microgram 
of total RNA was reverse transcribed into complemen-
tary DNA (cDNA) using PrimeScript™ RT Reagent Kit 
(Takara, RR047B). Amplification of cDNA product was 
performed using specific primers with the TB Green® 
Premix Ex Taq™ II (Takara, RR820B) on a Real-Time 
PCR detection system (BioRad). Samples were analyzed 
in triplicate, and β-tubulin levels were used for normali-
zation. Primer sequences for RT-qPCR were as follows: 
SDHB: forward primer, 5′-AAG​CAT​CCA​ATA​CCA​TGG​
GG-3′, and reverse primer, 5′-TCT​ATC​GAT​GGG​ACC​
CAG​AC-3′; COX7B: forward primer, 5′-CTT​GGT​CAA​
AAG​CGC​ACT​AAATC-3′, and reverse primer, 5′- CTA​
TTC​CGA​CTT​GTG​TTG​CTACA-3′; ATP5B: forward 
primer, 5′- CAA​GTC​ATC​AGC​AGG​CAC​AT-3′, and 
reverse primer, 5′-TGG​CCA​CTG​ACA​TGG​GTA​CT-3′; 
and β-actin: forward primer, 5′- GAG​AAA​ATC​TGG​
CAC​CAC​ACC-3′, and reverse primer, 5′- GGA​TAG​
CAC​AGC​CTG​GAT​AGCAA-3′.

Animal experiments
All animal studies were reviewed and approved by the Insti-
tutional Animal Care and Use Committees at Guangzhou 
Medical University (reference number 2021169). C57BL/6 
female mice at the age of 6–8 weeks were purchased from 
GemPharmatech Co.Ltd. Animals were housed under 
standard vivarium conditions (22 ± 1  °C; 12 h light/ dark 
cycle; with ad libitum food and water). For anesthesia, mice 
were first anesthetized in 5% Isoflurane, and then main-
tained on 1.5–2% throughout the procedures. When anes-
thetized, core body temperature of animals was maintained 
at 37 °C. LLC cells expressing luciferase tag (LLC-Luc) were 
cultured in complete media (RPMI1640 supplemented 
with 10% fetal bovine serum and 1% penicillin/streptomy-
cin). On the day of experiment, cells were washed and har-
vested with 0.25% trypsin–EDTA (ThermoFisher) when ~ 
90% confluence was reached. Cells were centrifuged at 80 
× g for 3 min. Subsequently, cells were washed in serum-
free media twice to remove residual serum, counted with 
a hemocytometer, and re-suspend in Hank’s Balanced 
Salt Solution (HBSS) at the density of 1–5 × 106 cells/ml. 
Throughout the injection period, cell suspension was kept 
on ice until time of injection. The experiment was com-
pleted within 3  h of cell harvesting, and more than 95% 
of cells were viable. After a habituation period of 1 week, 
mice were administered 5% isoflurane for anesthesia induc-
tion and 1.5% isoflurane for anesthesia maintenance in 
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30% O2/70% N2O through a face mask. Each mouse was 
placed in supine position and fixed on an operating table. 
The middle of the neck was sterilized and 1  cm incision 
was made to expose the trachea. The left side of the tra-
chea was separated from the muscle to expose the carotid 
sheath. Extra attention was paid to protect the blood ves-
sels and minimize bleeding. The common carotid artery 
was bluntly separated from the vagus nerve under a stereo 
microscope, and an 8–0 silk suture was placed on the com-
mon carotid artery to separate the common carotid artery. 
The bifurcation and the external carotid artery distal to the 
bifurcation were ligated with silk thread to block the blood 
flow of the external carotid artery. The proximal segment of 
the common carotid artery was temporarily blocked with 
a small vessel clip. Tumor cell suspension was injected as 
follows: resuspend cells stored on ice, draw 100 µl with a 
100  µl Hamilton microsyringe, carefully remove any air 
bubbles, and puncture the common carotid artery under 
a microscope. The injection was completed within 1 min. 
After the cell suspension entered the blood vessels, the 
color of the nearby blood vessels and muscle tissue was 
pale under the microscope, confirming that the cell sus-
pension successfully entered the carotid system. After the 
injection was completed and the needle of the syringe was 
withdrawn, the slip knot at the distal end was lifted quickly. 
At that time, the ligature was deliberately loosened slightly 
to ensure that any bubbles that may enter the blood vessel 
cavity may be discharged at the injection site. We ligated 
the distal end of the common carotid artery by tying the 
knot with both hands, and the skin was sutured. The entire 
procedure was completed within approximately 15 min by 
a fully trained personnel. One week after injection of tumor 
cells, in  vivo bioluminescence was performed to confirm 
the tumor formation of engrafted LLC-Luc cells. Mice 
were anesthetized and retro-orbitally injected with lucif-
erin (150 mg/kg; PerkinElmer cat. # 122,799,). Images were 
acquired by using NightOWL II LB 983 In  Vivo Imaging 
System (Berthold Technologies GmbH, Bad Wildbad, Ger-
many) in order to measure the bioluminescent activity of 
the luciferase enzyme. Fixed-area region of interests (ROIs) 
were created overhead, and photons emitted from the ROIs 
were quantified. After tumor formation detected by biolu-
minescence, mice were randomized to receive treatments 
and the investigators were not blinded. Mice were injected 
intraperitoneally with vehicle, gamitrinib (MedChemEx-
press cat.# HY-102007A) at 10 mg/kg every day, anti-PD-1 
antibody (BioXcell cat.# BE0146) at 100 µg per mouse every 
3  days, or the combination of gamitrinib plus anti-PD-1 
antibody administered at the same dose. The endpoint of 
experiment was a moribund state of the animal in accord-
ance with the Institutional Animal Welfare Regulations. At 
the end of the experiment, mice were euthanatized via CO2 
inhalation followed by cervical dislocation as a secondary 

measure to confirm death. The brains were harvested and 
analyzed by histology. OS of mice was defined as the time 
between the beginning of treatment and euthanasia of 
mice.

Results
Patient cohorts
In this study, we assembled the largest cohort of patients 
with paired primary lung cancer and BrM lesions, for all of 
which multi-omic data were available. We computation-
ally analyzed WES, bulk RNAseq, and RPPA data avail-
able from three published datasets [10, 11, 13] (Fig. 1a). In 
addition, we performed WES, bulk RNAseq, proteomics, 
and metabolomics of a newly generated cohort of patients 
presented at Sun Yat-sen University Cancer Center (SYS-
UCC) (Fig. 1a), among which RNAseq data of 24 patients 
was published in our previous study [48]. Overall, a total 
of 119 patients with paired primary lung cancer and 
BrM samples were included for the genomic analysis; 
56 patients were included for the transcriptomic analy-
sis; 16 patients were included for the proteomic analysis 
(4 for proteomics and 12 for RPPA); and 4 patients were 
included for the metabolomic analysis.

To validate the results of multi-omic data, an inde-
pendent cohort of scRNAseq [25] data that consisted of 
45,149 single cells derived from 15 primary lung cancers 
and 29,060 single cells derived from 10 BrM lesions was 
investigated. Additionally, we further assembled two 
patient cohorts with paired primary lung cancer and BrM 
lesions from SYSUCC and West China Hospital (WCH) 
which were used for IHC (n = 49) and mIF (n = 48) stain-
ing (Fig.  1a). Besides, 24 patients from the SYSUCC 
cohort were included for the measurement of mtDNA 
content. Clinicopathological characteristics of all cohorts 
and analytical approaches of each sample are summa-
rized in Table 1, Additional file 1: Table S1 and Table S2, 
respectively. The analytic pipelines of WES, RNAseq, 
scRNAseq, proteomics and metabolomics data are listed 
along with the tools that were used in each step in Addi-
tional file 2: Fig. S1.

Since the patient DHP18 from the SYSUCC cohort 
underwent a representative course of treatment, this 
patient was taken as an example: a lung mass at the upper 
left lobe was identified by computerized tomography 
(CT) scan on day 0 and confirmed as pathologic stage III 
(T4N0M0) lung poorly differentiated adenocarcinoma 
on day 17. Although adjuvant chemotherapy was admin-
istrated after lobectomy on day 33 and radiotherapy was 
administrated for local recurrence on day 272, BrM was 
detected on day 505 and subsequently resected on day 
507 (Fig. 1b). H&E staining was performed to confirm the 
pathological diagnosis of primary lung cancer and BrM 
lesion.
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To our best knowledge, our endeavor represented the 
largest integrated analyses of multi-omic data that com-
prehensively depicted BrM lesions derived from paired 
primary lung cancer.

Frequencies of somatic alterations in primary lung cancers 
and LC‑BrMs
We evaluated how stability, acquisition, and loss of 
somatic mutations would affect the metastasis of pri-
mary lung cancers to the brain. We used the case/con-
trol somatic alteration analysis to compare LC-BrMs to 
primary lung cancers and presented the top 25 ranked 

mutations for paired primary lung cancers and LC-BrMs, 
respectively (Fig.  2a, b). We observed that mutations in 
a subset of genes were almost always shared by both pri-
mary lung cancers and BrM lesions, including TTN (62%, 
64%), MUC16 (46%, 45%), LRP1B (43%, 42%), TP53 (42%, 
49%), OBSCN (26%, 25%), FAT3 (25%, 26%), and EGFR 
(22%, 20%), which were commonly mutated in lung can-
cers [49] (Fig. 2a,b and Additional file 2: Fig. S2a). These 
findings were consistent with previous reports, showing 
that these somatic mutations were frequently identified 
in lung adenocarcinoma [49]. The forest plot of overall 
frequency of somatic alterations in primary lung cancers 

Fig. 1  Study workflow, overview of patients and samples, and cohort characteristics. a Overview of patient cohorts and various experimental 
platforms. b A representative patient with primary lung cancer (DHP18) who later developed brain metastasis. A primary lung lesion was detected 
by CT scan and surgical resection was performed to obtain the primary lung cancer sample. However, 1 year after the surgery, a new brain 
metastasis lesion was identified through MRI scan. The surgical resection was then performed to remove the brain metastatic lesion
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and LC-BrMs is shown in Additional file 2: Fig. S2b. The 
higher frequency (i.e., above the median frequency cutoff 
values) of each of the ten genes—UTRN, DGKH, IL17RA, 
ITGA6, CUL1, DDX50, MTFR1, EXOC7, NUP188, and 
KDM5B—was significantly associated with primary lung 
cancer, while odds ratios (OR) of MUC2 and ELAVL2 
were significantly less than 1 for the BrM cohort. Our 

data indicated that MUC2 and ELAVL2 were specifically 
mutated in LC-BrMs (Additional file  2: Fig. S2b). How-
ever, further research is needed to determine whether 
these mutations play a role as driver genes in the devel-
opment or progression of brain metastases.

We also inferred intra-tumor heterogeneity (ITH) 
in primary lung cancers and BrM lesions by clustering 

Table 1  Clinicopathological characteristics of included cohorts

Features SYSUCC & WCH (n = 52) Brastianos 2015 (n = 38) Shih 2020 (n = 25) Fukumura 2021 (n = 14) Kim 2020 (n = 25)

Sex
  Male, n (%) 33 (63%) 15 (39%) 9 (36%) 7 (50%) NA

  Female, n (%) 19 (37%) 23 (61%) 16 (64%) 7 (50%) NA

Histology
  Adenocarcinoma, n (%) 41 (79%) 29 (76%) 25 (100%) 9 (64%) 25 (100%)

  Squamous carcinoma, 
n (%)

5 (9%) 4 (11%) 0 4 (29%) 0 (0%)

  Adenosquamous carci‑
noma, n (%)

3 (6%) 0 0 0 0

  Large cell neuroendo‑
crine tumor

2 (4%) 0 0 0 0

  Small cell carcinoma 0 0 0 1 (7%) 0

  Sarcomatoid carci‑
noma

1 (2%) 0 0 0 0

  Not otherwise speci‑
fied

0 5 (13%) 0 0 0

Pathology stage at initial diagnosis
  I, n (%) 9 (17%) 1 (3%) 3 (12%) 1 (7%) 8 (32%)

  II, n (%) 14 (27%) 17 (45%) 5 (20%) 3 (21%) 1 (4%)

  III, n (%) 9 (17%) 9 (24%) 5 (20%) 5 (36%) 3 (12%)

  IV, n (%) 20 (38%) 0 (0%) 11 (44%) 1 (7%) 13 (52%)

  NA, n (%) 0 (0%) 11 (29%) 1 (4%) 4 (29%) 0 (0%)

Age at diagnosis of 
primary tumor (median, 
range)

57.5 (29.0–72.0) 60.7 (40.5–79.6) 60.0 (34.0–84.0) NA NA

Age at date of craniot‑
omy (median, range)

59.5 (29.0–76.5) NA NA 60.6 (48.3–78.1) NA

BrM progression-free 
in years (time between 
diagnosis of primary 
tumor and BrM, median, 
range)

1.4 (− 0.2–8.0) 0.4 (− 0.5–5.0) NA 2.4 (0.5–5.0) NA

Brain radiation therapy
  Yes, n (%) 9 (17%) 5 (13%) 4 (16%) 2 (14%) NA

  No, n (%) 43 (83%) 33 (87%) 21 (84%) 12 (86%) NA

Steroid agents prior to craniotomy
  Yes, n (%) 41 (79%) NA NA 14 (100%) NA

  No, n (%) 11 (21%) NA NA 0 (0%) NA

Median OS with range 
(Primary to censored in 
months)

50.9 (6.0–144.0) 13.2 (1.2–110.4) NA 41.0 (11.2–101.1) NA

Median OS with range 
(Craniotomy to censored 
in month)

29.0 (2.5–132.0) NA NA 7.5 (0.3–61.1) NA
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variant allele frequencies (VAF) [50]. The average of 
median absolute deviation of primary lung cancers 
was 4.92 as compared to 8.25 for BrM lesions, and 
mean mutant-allele tumor heterogeneity (MATH) was 
35.15 for primary lung cancers compared to 42.32 for 
LC-BrMs. Differences between primary lung cancers 
and LC-BrMs were significant for both scores, indicat-
ing that LC-BrMs exhibited a higher ITH compared 
to primary lung cancers (Wilcoxon p-value < 0.01 and 

0.04, respectively) (Fig. 2d,e). For example, the primary 
lung cancer derived from the patient DHP18 showed 
no separation of clones clustered at mean variant fre-
quencies of ~ 35% with a MATH score of 2.92, while the 
LC-BrM showed a clear separation of two clones clus-
tered at ~ 35% major clone and ~ 65% minor clone with 
a MATH score of 33.66 (Fig. 2c). Two other pairs of pri-
mary lung cancers and LC-BrMs also showed similar 
results as examples (Supplemental Fig. 2c, d). Together, 

Fig. 2  Oncoplots showing the 25 most frequently mutated genes in paired primary lung cancer and brain metastasis (BrM) specimens. a, b 
Recurrently mutated oncogenic driver genes identified by Mutect2 in primary lung cancers (a) and BrMs (b). Every column represented a single 
patient stratified by cohort and ordered from left to right by the number of oncogenic driver genes identified in BrM samples. The variant type 
was depicted by its color. c Cluster plots of the primary lung cancer (left) and BrM sample (right) derived from the representative patient DHP18. 
X-axis represented variant allele frequency, the top bar shows the number of clusters on top of each plot, and the math number was noted 
in the upper left corner. d, e The box plot of median absolute deviation and mutant-allele tumor heterogeneity in paired primary lung cancers 
and brain metastasis lesions. The p-value was determined using pairwise two-sided Wilcoxon test
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the persistence of drivers and the paucity of consistent 
changes indicated that BrM lesions were character-
ized by a higher ITH compared to paired primary lung 
tumors.

The somatic landscape of primary lung cancers 
and LC‑BrMs
Subsequently, we analyzed WES data by comparing tumor 
mutational burden (TMB), including single-nucleotide 
polymorphisms (SNPs), small insertions and deletions 
(INDELs), and copy number variations (CNVs), in order to 
understand general patterns of primary lung cancers and 
their paired BrM lesions. TMB exhibited by primary lung 
cancers and LC-BrMs were comparable to the previously 
reported findings from the lung adenocarcinoma (LUAD) 

cohort of The Cancer Genome Atlas Program (TCGA) 
containing 516 samples with median TMB of 7.78 [51] 
(Additional file 2: Fig. S3a). Median TMBs were 6.22 and 
5.21 for primary lung cancers and BrM lesions, respec-
tively, as defined by SNPs and INDELs per megabase (Mb). 
The increase in TMB-SNPs exhibited by BrM occurred 
in 15 out of 119 patients, whereas the decrease in TMB 
occurred in 104 out of 119 patients (Fig.  3a). Next, we 
evaluated differences of TMB, SNP, INDEL, and CNVs 
between primary and BrMs (Additional file  2: Fig. S3b). 
There were no significant differences of TMB and SNP 
between primary and BrMs (Wilcoxon p-value = 0.20 
and 0.34, respectively); however, INDELs TMB, CNVs 
TMB were significantly different between primary lung 

Fig. 3  Tumor mutational burden and mutational signatures. a Integrated analyses of four independent cohorts (n = 119 patients) depicting TMB 
in each pair of primary lung cancer and brain metastasis (BrM) specimens according to cohorts, gender, smoking history, histological group, 
pathological level, different therapies, purity, and ploidy. Each column represents a single patient with two tumor specimens scattered at two 
separate spaces. All tumor specimens were grouped by cohorts and ordered from left to right by decreasing mutation frequencies of BrMs. Green 
circle indicated primary lung cancer and the red fork indicated BrM. b Percentage of mutational signature contribution in each primary lung cancer 
specimen. c Percentage of mutational signature contribution in each BrM specimen
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cancers and LC-BrMs (Wilcoxon p-value = 0.06 and < 0.01, 
respectively).

These similarities and differences of somatic alterations 
in primary lung cancers and BrMs also contributed to 
components of Catalogue of Somatic Mutations in Can-
cer (COSMIC) mutational signatures. As expected, the 
signature activity was closely related to somatic muta-
tions as we observed similar patterns of mutational sig-
natures exhibited by primary lung cancers and LC-BrMs 
(Fig.  3b,c). Signature 1—spontaneous or enzymatic 
deamination of 5-methylcytosine, signature 4—exposure 
to tobacco, and signature 7—UV exposure were nearly 
always the dominant signatures among all cohorts. Sig-
nature 2—viral infection, retrotransposon jumping or 
to tissue inflammation, and signature 13—APOBEC 
C > G were dominantly detected in both Brastianos and 
Fukumara cohorts; however, the cosine similarities were 
all under 0.5, which were not considered as significant. 
Interestingly, signature 2 is attributed to the activity of 
the APOBEC family of cytidine deaminases, which was 

found in 22 different cancer types but most commonly in 
cervical and bladder cancers.

The landscape of somatic copy number alterations (SCNAs)
We next assessed SCNAs and found that the genome-
wide landscape of SCNAs was similar between primary 
lung cancers and LC-BrMs (Fig.  4a,b and Additional 
file  2: Fig. S4a-f ). Chromosome arm-level copy num-
ber events occurred with similar frequencies in all four 
cohorts. Across all four cohorts, our analysis revealed 
20 arm-level gains and 31 arm-level losses exhibited by 
LC-BrMs as compared to 25 arm-level gains and 33 arm-
level losses exhibited by primary lung cancers. Among 
these SCNA regions, 18 out of 20 gains and 28 out of 
31 losses were shared by primary lung cancers and BrM 
lesions. Moreover, we identified peaks of 24 amplifica-
tions and 45 deletions in LC-BrMs compared to peaks of 
29 amplifications and 57 deletions identified in primary 
lung cancers (FDR q-value < 0.25). Among these peaks, 
gains in 5p15.33, 7p11.2, 10q11.21, 11q13.1, 11q13.3, 

Fig. 4  The landscape of somatic copy-number alteration in paired primary lung cancer and brain metastasis (BrM) specimens. a, b GISTIC 
amplification (a) and deletion (b) plots of primary lung cancer (n = 119) and BrM (n = 119) samples. In the top figure, red line is the amplification 
in BrM, and gray line is amplification in primary; in the both figures, blue line is the deletion in BrM, and gray line is deletion in primary. c–f. Four 
representative GISTIC plots showing regions of candidate driver genes of BrM compared to primary lung cancer
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12q15, 14q13.3, and 20q13.33 chromosomal arms were 
shared by primary lung cancers and BrM lesions, while 
losses in 1p36.21, 6p21.33, 6q25.3, 9p21.3, and 17p11.2 
were shared by primary lung cancers and BrM lesions 
(Additional file 2: Fig. S4a-b). Among these shared peaks, 
the largest peak was an amplification of 20q13.33 with 
149 genes affected. The narrowest peaks affecting a single 
locus included amplifications of 7p11.2, 11q13.1, 11q13.3, 
12q15, and 14q13.3, and deletions of 6q25.3, 9p21.3, and 
17p11.2. The three most common somatic copy number 
peaks occurred in 7p11.2 (26% vs. 37%), 12q15 (12% vs. 
15%), and 11q13.3 (21% vs.12%) in both primary lung 
cancers and LC-BrMs (Additional file 2: Fig. S4a-b). We 
applied Genomic Identification of Significant Targets In 
Cancer (GISTIC), which is an established methodology 
[52] to compute a positive selection score of SCNA  for 
each genomic location. This approach assessed ampli-
tudes and frequencies of SCNAs across samples and 
identified regions with significantly recurrent SCNAs 
that likely resulted from a positive selection. The highest-
ranked genes in both cohorts of primary lung cancers 
and LC-BrMs included CCNL2, DVL1, ATAD3A, AGRN, 
and ISG15, where mutation patterns were clustered for 
the patients (Additional file 2: Fig. S4e-f ).

Despite of broad similarities of copy-number land-
scapes between primary lung cancers and LC-BrMs, 
four distinct genomic regions with significantly different 
scores of a positive selection were determined (Fig.  4c–
f). We identified 52 out of 226 unique deletions and 5 
out of 15 unique amplifications in BrM with a q-value 
less than 0.1 (Additional file  1: Table  S3 and S4). Two 
regions of unique focal amplifications were significantly 
enriched in BrM (q-value < 0.01 and = 0.03, respectively), 
including (1) 5p15.33 containing SDHA, PDCD6, AHRR, 
CCDC127, PLEKHG4B, and LRRC14B; (2) 20q13.33 con-
taining DAD1, MYT1, PTK6, etc. Two regions of unique 
focal deletions (q-value = 0.085 and 0.0064, respectively) 
included (1) 13p12 containing HKR1 and (2) 5q33.3 con-
taining CD74. Besides that, we also found unique dele-
tions of 6p21.2 containing CDKN2A, 11q12.3 containing 
SCYL1, 1q21.1 containing NTRK1 and MDM4, and 
9q33.2 containing PRDM1. It was found that the gain in 
5p15.33 was one of the regions that reproducibly associ-
ates with lung cancer risk [53] and the gain in 20q13.33 
was the main chromosomal abnormalities in colorectal 
carcinoma [54].

SCNA regions identified in this study encompassed 
genes that were known as driver genes of metastasis. For 
instance, MYC and CDKN2A were frequently involved 
in genomic amplifications and deletions, respectively, as 
previously identified in a sequencing study of BrMs from 
patients with LUAD [11]. SCYL1 activates transcrip-
tion of the telomerase reverse transcriptase and DNA 

polymerase β genes. SMAD4 is required for the function 
of TGF-β signaling pathway and related to carcinoma 
metastasis. NTRK1 fusions trigger constitutive TRKA 
kinase activity [55], which activates signaling pathways of 
cell growth and differentiation [56]. MDM4 is a p53 regu-
lator and acts as an oncogene through p53-independent 
pathways [57]. PRDM1 gene encodes a protein that acts 
as a repressor of beta-interferon gene expression and 
a regulator of TP53 activity pathway [58].

Together, the identification of SCNAs further indicated 
that primary lung cancers and BrM lesions had a similar 
genome-wide landscape of SCNAs, while BrM lesions 
contained unique chromosomal gains and losses that 
might potentially contribute to the development of BrMs 
on the genomic level.

OXPHOS is enriched in LC‑BrM
To identify differentially expressed genes between pri-
mary lung cancers and BrMs, we first applied ComBat 
to adjust for batch effects resulting from two independ-
ent cohorts with parametric empirical Bayes frameworks 
[59]. The returned expression matrix was corrected, lead-
ing to a single cohort of 56 pairs of primary lung cancers 
and BrM lesions (Additional file 2: Fig. S5a and Fig. S5b). 
Subsequently, we identified a total of 108 differentially 
expressed genes (DEGs) that were significantly upregu-
lated in BrM lesions (log2fold change > 1 and adjusted 
Wald test p < 0.05) (Fig. 5a). To identify gene sets among 
the MSigDB Reactome collection which were positively 
correlated with the phenotype of BrMs, we implemented 
gene set enrichment analysis (GSEA) which was based 
on the ranked gene list of DEGs. We identified 298 sig-
nificantly enriched pathways (normalized enrichment 
score > 0 and adjusted p-value < 0.05), ranked the fil-
tered pathways by normalized enrichment score (NES), 
and focused on the top 20 ranked pathways for the fur-
ther analysis (Additional file 2: Fig. S5c). Among the top 
20 ranked pathways, 5 of them were related to mito-
chondrial biogenesis and OXPHOS, including (1) THE 
CITRIC ACID TCA CYCLE, (2) RESPIRATORY ELEC-
TRON TRANSPORT, (3) RESPIRATORY ELECTRON 
TRANSPORT ATP SYNTHESIS BY CHEMIOSMOTIC 
COUPLING AND HEAT PRODUCTION BY UNCOU-
PLING PROTEINS, (4) COMPLEX I BIOGENESIS, and 
(5) PYRUVATE METABOLISM (Fig. 5b).

Next, we validated these results by interrogating an 
independent cohort of scRNAseq [25] data that consisted 
of 45,149 single cells derived from 15 primary lung can-
cers and 29,060 single cells derived from 10 BrM lesions 
(Additional file  2: Fig. S5d). We performed single sam-
ple gene set enrichment analysis (ssGSEA) in epithelial 
cells and revealed that (1) all of these 5 mitochondrial 
pathways were indeed significantly enriched in BrMs 
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as compared to primary lung cancers, and (2) ssGSEA 
scores of each of 5 mitochondrial pathways were signifi-
cantly higher in BrMs compared to those of primary lung 
cancers (Fig. 5c,d and Additional file 2: Fig S5e-l).

mtDNA plays a critical role in encoding many pro-
teins that are important for the assembly, activity, and 
function of mitochondrial respiratory complexes. To 
functionally validate whether mitochondrial biogenesis 

is enhanced in BrM lesions, we determined the rela-
tive mtDNA copy number in 24 pairs of primary lung 
cancers and BrM lesions derived from the SYSUCC 
cohort, for which genomic DNA were purified. Among 
24 pairs, mtDNA copy number was significantly higher 
in 17 (70.8%) BrM lesions as compared to primary lung 
cancers (Fig. 5e and Additional file 2: Fig. S5n).

Fig. 5  Oxidative phosphorylation was enriched in lung cancer brain metastases (LC-BrMs). a The volcano plot of differentially expressed genes 
between primary lung cancer and LC-BrMs in two cohorts of 56 patients. b Gene Set Enrichment Analysis (GSEA) plots of 5 mitochondrial pathways. 
The peak point of the top part in each plot represented the enrichment score (ES), whereas the bottom part showed where the rest of genes 
related to the pathway were located according to the ranking. c, d The tSNE plot (c) and box plot (d) of enrichment score of the citric acid TCA cycle 
pathway in single epithelial cells of primary lung cancer and brain metastasis. Each dot represented an individual patient in panel d. The p-value 
was determined using pairwise two-sided Student’s t test. e The box plot of relative mitochondrial DNA (mtDNA) content in paired primary lung 
cancers and brain metastasis lesions. The p-value was determined using pairwise two-sided Student’s t test. f The volcano plot of differentially 
expressed proteins between primary lung cancer and LC-BrMs. g GSEA plot of 4 mitochondrial pathways. The peak point of the top part in each plot 
represented the ES, whereas the bottom part showed where the rest of proteins related to the pathway were located according to the ranking. h 
H&E and immunohistochemistry (IHC) staining of MTCO1, UQCRC2, and COXIV in a representative patient (DHP18) with paired primary lung cancer 
and LC-BrM lesions. i The volcano plot of differentially expressed metabolites between primary lung cancer and LC-BrMs. j Box plots for pathway 
analysis of differentially expressed metabolites between primary lung cancer and LC-BrMs
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To substantiate our findings on the mRNA level, we 
further performed the unbiased and global proteom-
ics analysis using fresh frozen specimens of 4 pairs of 
primary lung cancers and BrM lesions. A total of 117 
differentially expressed proteins were significantly upreg-
ulated in BrM lesions (log2fold change > 1 and Wald test 
p < 0.05) (Fig.  5f ). Among them, a number of proteins 
related to mitochondrial biogenesis were upregulated in 
BrM lesions as compared to paired primary lung can-
cers, including NDUFAF2, SDHB, COX5A, and ATP5PO 
(Additional file  2: Fig. S5m). To identify signaling path-
ways which were positively enriched in BrMs, we imple-
mented the protein enrichment analysis which was based 
on the ranked list of differentially expressed proteins. We 
identified 141 significantly upregulated pathways (enrich-
ment score > 0 and FDR < 0.05), ranked the filtered path-
ways by NES, and focused on the top 20 ranked pathways 
for further analysis (Additional file  2: Fig. S5o). Among 
the top 20 ranked pathways, 4 pathways were related to 
mitochondrial biogenesis and OXPHOS, including (1) 
COMPLEX I BIOGENESIS, (2) RESPIRATORY ELEC-
TRON TRANSPORT, (3) RESPIRATORY ELECTRON 
TRANSPORT ATP SYNTHESIS BY CHEMIOSMOTIC 
COUPLING AND HEAT PRODUCTION BY UNCOU-
PLING PROTEINS, and (4) THE CITRIC ACID TCA 
CYCLE, which completely overlapped with enriched 
pathways based on the analysis of RNAseq data (Fig. 5g).

Additionally, we analyzed the expression of 3 representa-
tive respiratory chain complex related proteins, including 
MTCO1, UQCRC2, and COXIV, between primary lung 
cancers and BrMs by taking the advantage of RPPA data 
available from the Fukumura et al. cohort [13]. Expression 
levels of MTCO1, UQCRC2, and COXIV were higher in 
BrM lesions as compared with primary lung cancers (Addi-
tional file  2: Fig. S5p). Moreover, we performed the IHC 
staining of 49 pairs of primary lung cancers and BrM lesions 
from both SYSUCC and WCH cohorts in order to inde-
pendently validate the expression of MTCO1, UQCRC2, 
and COXIV at the protein level (Fig.  5h). As expected, 
we observed significantly higher IHC scores of MTCO1, 
UQCRC2, and COXIV in BrM lesions as compared to 
paired primary lung tumors (Additional file 2: Fig. S5q).

To further elucidate mitochondrial metabolism rewired 
in BrMs as compared to primary lung cancers, we per-
formed LC–MS/MS-based targeted metabolomics to 
measure 68 metabolites of energy metabolism. A total of 
10 metabolites were upregulated in BrM tumors when 
compared to primary lung cancers (Fig.  5i). The path-
way analysis based on differentially abundant metabo-
lites indicated that citrate cycle (TCA cycle) and pyruvate 
metabolism pathways were significantly enriched in BrM 
tumors, whereas glycolysis/gluconeogenesis pathways 

were significantly enriched in primary lung cancer 
tumors (Fig. 5j).

Taken together, our results based on integrated analy-
ses of RNAseq, proteomics and targeted metabolomics 
data suggested that mitochondrial-specific metabolic 
adaptation was activated in BrMs of lung cancer.

LC‑BrMs present an immune suppressive 
microenvironment
We also identified a total of 119 DEGs that were signifi-
cantly downregulated in BrM tumors (Log2fold change < 
− 1 and adjusted Wald test p < 0.05) (Fig.  5a). GSEA 
based on the ranked gene list of DEGs identified 126 
pathways that were significantly downregulated in BrM 
lesions (normalized enrichment score < 0 and adjusted 
p-value < 0.05). We also ranked the filtered pathways by 
NES and focused on the top 20 ranked pathways (Addi-
tional file  2: Fig. S6a). Among the top 20 ranked path-
ways, 5 pathways that were significantly decreased 
in BrM tumors were related to signaling pathways of 
immune system, including (1) INTERFERON ALPHA 
BETA SIGNALING, (2) INTERLEUKIN 2 FAMILY 
SIGNALING, (3) INTERFERON GAMMA SIGNAL-
ING, (4) IMMUNOREGULATORY INTERACTIONS 
LYMPHOID, and (5) INTERLEUKIN 4 AND 13 SIGN-
ALING (Fig. 6a).

To quantitatively investigate the difference of immune 
infiltration between primary lung cancers and BrM 
lesions, we further performed computational analy-
ses of RNAseq data using four algorithms, including (1) 
Estimation of Stromal and Immune cells in Malignant 
Tumor tissues using Expression data (ESTIMATE) [60], 
(2) Microenvironment Cell Populations-counter (MCP-
counter) [61], (3) a new version of Cell-type Identifica-
tion By Estimating Relative Subsets Of RNA Transcripts 
(CIBERSORTx) [46, 62], and (4) xCell [63], respectively. 
The result of MCP-counter demonstrated that BrM 
lesions exhibited significantly lower scores of T cells, 
cytotoxic lymphocytes, B lineage, NK cells, and fibro-
blasts as compared to primary lung tumors (Fig. 6b). The 
result of ESTIMATE indicated that BrM lesions showed 
significantly higher tumor purity scores but lower ESTI-
MATE scores, immune scores, and stromal scores as 
compared to primary lung cancers (Fig.  6c). The result 
of xCell suggested that scores of several types of T cells, 
including CD4+ T cells and CD8+ T cells, were signifi-
cantly lower in BrM tumors when compared to primary 
lung cancer lesions (Additional file 2: Fig. S6b). And the 
result of CIBERSORTx revealed that BrM lesions exhib-
ited significantly higher scores of gamma delta T cells, 
but lower scores of monocytes, NK cells activated, and 
CD8 T cells when compared to primary lung tumors 
(Additional file 2: Fig. S6c).
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Similarly, we validated these results using the afore-
mentioned independent scRNAseq dataset. Although 
ssGSEA scores of 4 out of 5 immune pathways were 
lower in lymphocytes of BrMs compared to those of 

primary lung cancers, we did not observe significant 
differences (Additional file 2: Fig. S6d-n).

The analysis of proteomics data from 4 pairs of fresh 
frozen primary lung cancers and BrM lesions also 

Fig. 6  Brain metastasis (BrM) lesions presented an immunosuppressive tumor microenvironment. a Gene Set Enrichment Analysis (GSEA) plots of 5 
immune-related signaling pathways based on RNA sequencing data. The peak point of the top park in each plot represented the enrichment score 
(ES), whereas the bottom part showed where the rest of genes of each pathway were located according to the ranking. b, c Box plot representation 
of normalized MCP counter scores (b) and ESTIMATE scores (c) for paired primary lung cancers and BrMs. The p-value was determined 
by the pairwise t-test. d Protein set enriched analysis of 4 immune related signaling pathways based on proteomics data. The peak point of the top 
park in each plot represented the ES, whereas the bottom part showed where the rest of proteins of each pathway were located according 
to the ranking. e Representative multiplex immunofluorescence (mIF) staining of paired primary lung cancer and BrM lesions from the patient 
DHP18. mIF markers include DAPI (blue), CD3 (orange), CD68 (green), Ki-67 (red), pan-cytokeratin (white), PD-1 (Cyan), and PD-L1 (yellow). 
Scale = 50 μm. f, g Box plot representation of the count number of CD3+ (f) and CD68+ (g) cells per mm2 in paired primary lung cancer and BrM 
lesions (n = 50 patients). The p-value was determined by the pairwise two-sided Student’s t test (*, p < 0.05; **, p < 0.01; ***, p < 0.001; ****, p < 0.0001)
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identified 756 differentially expressed proteins were 
significantly downregulated in BrM lesions (log2Fold 
Change > 1 and Wald test p < 0.05) (Fig.  5f ). We fur-
ther performed protein enrichment analysis based on 
the ranked list of differentially expressed proteins. We 
identified 247 significantly downregulated pathways 
(enrichment score < 0 and FDR < 0.05), ranked the fil-
tered pathways by NES, and focused on the top 20 ranked 
pathways for further analysis (Additional file 2: Fig. S6o). 
Among the top 20 ranked pathways, 4 pathways were 
related to immune regulation, including (1) ANTIGEN 
PRESENTATION FOLDING ASSEMBLY, (2) INFLU-
ENZA INFECTION, (3) INTERFERON ALPHA BETA 
SIGNALING, and (4) PD-1 SIGNALING (Fig. 6d).

In order to experimentally validate results of compu-
tational analyses, we performed the multiplex immu-
nofluorescence (mIF) staining to unravel the immune 
microenvironment of BrM lesions. Toward that goal, we 
stained 48 pairs of primary and BrM tumors from both 
SYSUCC and WCH cohorts with CD3, CD68, PD-1, 
PD-L1, Pan-CK, and Ki-67antibodies. As expected, BrM 
tumors exhibited significantly less infiltration of CD3+ 
immune cells but abundantly more CD68+ tumor-asso-
ciated macrophages compared to primary lung cancers 
(Fig. 6e–g).

Collectively, our integrated analyses of RNAseq, prot-
eomics, and mIF staining data suggested that BrM lesions 
were indeed characterized by an immunosuppressive 
microenvironment.

Gamitrinib exhibits its anti‑tumor activity by inhibiting 
OXPHOS in BrM PDOs
Considering transcriptional alterations exhibited by BrM 
tumors as compared to paired primary lung cancers, we 
asked whether there was a phenomenon of transcrip-
tional subtype switch unique to pairs of primary lung 
cancers and BrM lesions. Four tumor intrinsic (TI) sub-
types of lung cancer were previously defined, including 
TI1 for lung dedifferentiated carcinoma, TI2 for lung 
adenocarcinoma, TI3 for lung squamous cell carcinoma, 
and TI4 for lung large cell neuroendocrine carcinoma 
[64]. Notably, the subtype switch from primary lung can-
cer to BrM occurred in 50% (28/56) of patients (Fig. 7a).

Next, we calculated ssGSEA scores of 5 mitochondrial 
pathways and 5 immune pathways for each patient among 
Fukumura and SYSUCC cohorts [13]. Interestingly, 
we observed there was an inverse correlation between 
immune and OXPHOS signaling pathways, suggesting 
that there was a subset of BrM lesions with activated 
mitochondrial biogenesis and OXPHOS but suppressed 
immune microenvironment (Fig. 7b). And this result was 
also observed in an independent cohort of 63 BrM lesions 
with mRNA microarray data available [65] (Additional 

file  2: Fig. S7a). Next, we divided patients with LC-
BrMs into two subgroups according to ssGSEA scores, 
mitochondrialow/immunehigh and mitochondriahigh/
immunelow, respectively, and performed Kaplan–Meier 
survival analysis. Indeed, patients in the mitochondrialow/
immunehigh subgroup had improved survival outcomes 
when compared to those in mitochondriahigh/immunelow 
subgroup (Fig. 7c).

Since OXPHOS is enriched in LC-BrM tumors, we 
wondered whether OXPHOS inhibition would have anti-
tumor activity in LC-BrMs. First, we tested the therapeu-
tic efficacy of a specific OXPHOS inhibitor, gamitrinib 
[18–21] in LC-BrM PDOs, and the IC50 of gamitrinib 
ranged from 0.14 to 2.65  μM with a median IC50 of 
1.06 μM (Additional file 2: Fig. S7b). Moreover, the IC50 
of gamitrinib was significantly lower than the IC50 of 
temozolomide (TMZ) for the same LC-BrM PDOs being 
tested, indicating LC-BrM PDOs were more sensitive to 
gamitrinib than TMZ (Wilcoxon p-value = 0.2) (Addi-
tional file  2: Fig. S7c). We further performed the live 
and dead staining using three representative LC-BrM 
PDOs which were treated with gamitrinib for 4  days. 
Our results suggested that gamitrinib-induced cell death 
in BrM PDOs (Fig. 7d–f). To investigate whether gami-
trinib could inhibit OXPHOS in BrM PDOs, we per-
formed RT-qPCR using PDOs treated with DMSO or 
gamitrinib. Indeed, the expression levels of 3 OXPHOS 
representative genes, including ATP5B, COX7B, and 
SDHB were significantly decreased in BrM PDOs treated 
with gamitrinib (Fig.  7g). Not surprisingly, the analysis 
of targeted metabolomics data further confirmed that 
pathways related to OXPHOS, such as TCA cycle and 
pyruvate metabolism, were significantly inhibited in BrM 
PDOs treated with gamitrinib (Fig.  7h). Taken together, 
our results demonstrated that gamitrinib could exhibit an 
anti-tumor activity by inhibiting OXPHOS in BrM PDOs.

OXPHOS inhibition and anti‑PD‑1 treatment improve 
survival of mice with LC‑BrMs
To identify actionable targets for LC-BrMs, we first 
generated an orthotopic mouse model of LC-BrM with 
Lewis lung cancer (LLC) cell line. LLC cells were injected 
via carotid artery and the in  vivo establishment of LC-
BrMs was further confirmed by bioluminescence imaging 
(BLI) (Fig. 8a). Since our integrated analyses established 
that mitochondrial biogenesis was activated and immune 
signaling pathways were suppressed in LC-BrMs, we 
sought to examine the efficacy of gamitrinib [18–21] 
in combination with the immune checkpoint blockade 
anti-PD-1 antibody in targeting LC-BrMs. Toward that 
goal, mice were then randomly assigned to four treat-
ment groups, including (1) control, (2) gamitrinib 10 mg/
kg, (3) anti-PD-1 10  mg/kg, and (4) the combination 
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of gamitrinib 10  mg/kg plus anti-PD-1 10  mg/kg. As 
expected, gamitrinib as a monotherapy significantly 
improved survival of mice bearing LC-BrMs when com-
pared to the control (log-rank test, p = 0.01). Similarly, 
anti-PD-1 as a monotherapy also significantly delayed the 
death of mice bearing LC-BrMs (log-rank test, p = 0.04). 

Remarkably, the rationale-based combination therapy of 
gamitrinib plus anti-PD-1 significantly prolonged sur-
vival of mice bearing LC-BrMs, leading to the longest 
median survival (log-rank test, p < 0.01) (Fig. 8b). In com-
parison with mice treated by each monotherapy, those 
treated by the combination therapy of gamitrinib plus 

Fig. 7  Gamitrinib exhibits its anti-tumor activity by inhibiting oxidative phosphorylation (OXPHOS) in patient-derived organoids (PDOs) of lung 
cancer brain metastasis (LC-BrM). a Sankey plot indicating the transcriptional subtype switch from paired primary lung cancers to brain metastasis 
lesions. b The heatmap showing the enrichment of 5 mitochondrial pathways and 5 immune pathways in LC-BrM lesions with RNA sequencing 
data. c Kaplan–Meier survival plot of patients with LC-BrM lesions who were stratified into low and high subgroups based on single sample gene 
set enrichment analysis (ssGSEA) scores of mitochondrial pathways and immune pathways. The median ssGSEA score was used to define low 
and high subgroups. The p-value was computed by a two-sided log-rank test. d–f Microscopic images of bright-field and immunofluorescence 
staining of PDO1072 (d), PDO1269 (e), and PDO1466 (f) PDOs which were treated with DMSO or gamitrinib. g Relative mRNA expression of OXPHOS 
genes in two BrM PDOs (PDO0685 and PDO0750) treated with DMSO or gamitrinib. h The volcano plot of differential metabolite analysis of LC-BrMs 
PDOs treated with DMSO or gamitrinib. i Box plots for pathway analysis of differentially expressed metabolites of LC-BrMs treated with DMSO 
or gamitrinib
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anti-PD-1 antibody had a trend of a longer survival; how-
ever, that survival difference did not reach the statistical 
significance (log-rank test, p > 0.05).

Next, we analyzed representative tumor specimens 
from each treatment group with IHC staining. The IHC 
staining with Ki-67 antibody indicated that gamitrinib 

and/or anti-PD-1 inhibited tumor cell proliferation 
(Fig.  8c and Additional file  2: Fig. S8a). IHC staining 
with CD3, CD4, and CD8 antibodies demonstrated that 
the infiltration of T cells in LC-BrMs was increased 
after treatment with anti-PD-1 antibody or the combi-
nation therapy of anti-PD-1 plus gamitrinib (Fig. 8c and 

Fig. 8  The combination therapy of an oxidative phosphorylation (OXPHOS) inhibitor plus anti-PD-1 blockade improved survival of mice with lung 
cancer brain metastases (LC-BrMs). a Schematic illustration of the establishment of murine BrMs of Lewis lung cancer cells and treatment 
design. b Kaplan–Meier survival plot of mice with LC-BrMs treated with control, gamitrinib at 10 mg/kg, anti-PD-1 10 mg/kg, and gamitrinib 
10 mg/kg plus anti-PD-1 10 mg/kg. The p-value is computed using a two-sided log-rank test. c Representative images of H&E staining 
and immunohistochemistry (IHC) staining with anti-Ki-67, anti-CD3, anti-CD4, anti-CD8, and anti-PD-L1 for tumors in each treatment group. 
Scale = 50 μm. d Schematic diagram of the current study and potential therapeutic implications
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Additional file 2: Fig. S8b-d). Our results indicated anti-
PD-1 antibody was able to enhance immune response in 
LC-BrMs. Intriguingly, expression of PD-L1 was upregu-
lated in BrMs after treatment with gamitrinib or the com-
bination therapy of gamitrinib plus anti-PD-1 antibody 
(Fig. 8c, Additional file 2: Fig. S8e), further strengthening 
the rationale of combination therapy of gamitrinib plus 
anti-PD-1 antibody.

Taken together, these results indicated that the combi-
nation of OXPHOS inhibition and anti-PD-1 treatment is 
a promising therapeutic strategy for LC-BrMs (Fig. 8d).

Discussion
Although previous studies have described the genomic 
and transcriptomic characteristics of LC-BrMs, molecu-
lar mechanisms underlying the biology of BrMs remain 
elusive. In this study, we performed comprehensive anal-
yses of genomic, transcriptomic, proteomic, and metab-
olomic data on both bulky tumor and single-cell levels 
derived from four published and two newly generated 
patient cohorts, to get a global and deep understand-
ing of molecular mechanisms and tumor microenviron-
ment of LC-BrMs. We further validated multi-omics 
results by performing IHC and mIF stainings of patients’ 
tumor specimens, as well as in vitro and in vivo experi-
ments of PDOs and mouse LC-BrM models. To our best 
knowledge, we assembled the largest cohort of paired 
primary lung cancers and BrMs with bulk multi-omic 
data available that permitted us to unravel the unique 
biology of BrMs derived from primary lung cancers. Our 
results reported significant genomic differences between 
primary lung cancers and BrMs, which surprisingly 
exhibited lower TMB and higher ITH in the latter. Addi-
tionally, we found that the mRNA expression signatures 
in primary tumors interconverted in the matched BrMs. 
Our study not only strengthened the fact that OXPHOS 
was elevated and immune activity was reduced in BrM 
but also presented a novel therapeutic intervention to 
delay the growth of BrM by the combination therapy of 
gamitrinib plus anti-PD-1 immunotherapy.

More than half of LC-BrMs harbor oncogenic muta-
tions or CNVs. Among mutated genes, we noticed that 
MUC2 and ELAVL2 are two genes that were significantly 
mutated in BrM samples as compared to primary lung 
cancers. MUC2 has been reported to be associated with 
cancer metastatic processes [66], and ELAVL1 was iden-
tified as a central oncogenic driver for malignant growth 
and metastasis of peripheral nerve sheath tumor [67]. 
The amplifications of MYC, YAP1, and MMP13, as well 
as the deletion of CDKN2A/B, contributed to LC-BrMs 
originating from lung adenocarcinoma [11]. In our study, 
CNV analysis has identified unique amplification of 
MDM4 and NTRK1, and deletion of PRDM1, TNFAIP3, 

FANCC, TSC1, and SMAD4 in LC-BrMs. Downregula-
tion of SMAD4 was associated with the metastasis of 
pancreatic ductal adenocarcinoma (PDAC), and metasta-
sis of SMAD4-negative PDAC was preferentially derived 
from the induction of mitochondrial OXPHOS [68].

Tumor heterogeneity poses severe challenges for can-
cer management. ITH representing the existence of 
genetic, epigenetic, and environmental heterogeneity 
within each individual tumor results in phenotypic heter-
ogeneity and cellular plasticity, providing multiple mech-
anisms of therapeutic resistance and forming a highly 
adaptable and resilient disease. Our results showed that 
the ITH presented in LC-BrMs on the genetic level was 
higher than that in paired primary lung cancers, which 
was consistent with other studies. A study in which WES 
of primary lung–BrM pairs was carried out showed that 
BrMs exhibited higher somatic variants and chromo-
somal alterations than primary lung cancers, particu-
larly in genes associated with lung cancer (e.g., KRAS, 
ROS1, and STK11) [69]. Liu et  al. assessed the ITH of 
LC-BrMs by using scRNAseq data. Based on the differ-
ential gene expression analysis, tumor cells within the 
same LC-BrM sample could be clustered into 4 differ-
ent subgroups which were enriched in genes related to 
OXPHOS, prostanoid biosynthesis and metabolic pro-
cesses, and immune responses [70]. Intriguingly, the 
high ITH is also a remarkable characteristic of gliomas 
which are one of the most common and deadly types of 
primary brain tumors [71]. Thus, it is conceivable that 
the common brain-specific microenvironment shared by 
LC-BrMs and gliomas drives the co-evolution of cancers 
of different ontogenies and tumor microenvironment. 
Both LC-BrMs and gliomas are known to compromise 
the integrity of the blood–brain-barrier (BBB), result-
ing in a highly heterogeneous vasculature characterized 
by numerous distinct features, including non-uniform 
permeability and active efflux of molecules [72]. As the 
vasculature is dramatically changed during tumor growth 
and expansion, nutritional, oxygenic, and metabolic 
properties are increasingly different in the tumor core, as 
compared to the periphery of the tumor and the neuro-
parenchyma harboring an intact BBB [72, 73]. The ITH of 
microenvironment shaped by the heterogeneous vascula-
ture may drive the selection of a diversified pool of clones 
that can successfully repopulate, resulting in genetically 
high ITH in LC-BrMs. An improved understanding of 
ITH in LC-BrMs will ultimately facilitate personalized 
medicine.

OXPHOS is the metabolic pathway in which cells use 
enzymes to oxidize nutrients, thereby releasing chemical 
energy in order to produce ATP. In eukaryotes, this takes 
place inside mitochondria. Previous studies observed 
that cancer cells universally downregulate OXPHOS and 
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upregulate glycolysis compared with normal cells due to 
mutations in mtDNA or reduced mtDNA content in can-
cer cells [74–77]. However, this assumption is being chal-
lenged by an increasing body of evidence that suggests 
that mitochondrial metabolism is not usually impaired, 
and OXPHOS can be also upregulated in certain types 
of cancers under the stress stimuli or even in the face of 
active glycolysis [78–82]. Moreover, metabolic hetero-
geneity has been demonstrated in tumors [83, 84], and 
cancer stem cells with high metastatic and tumorigenic 
potential are more reliant upon OXPHOS than the bulk 
tumor populations [85]. Recent studies demonstrated 
that significantly upregulated OXPHOS was prominently 
featured in BrMs, and treatment with a direct OXPHOS 
inhibitor IACS-010759 as a monotherapy significantly 
hampered BrM formation in a murine model of breast 
cancer and prolonged survival of mice bearing mela-
noma BrMs [13, 24]. Similarly, our results showed that 
LC-BrMs exhibited enhanced transcriptional signatures 
of OXPHOS and related biological processes involving 
the mitochondrial respiratory chain complex. The pre-
cise mechanisms driving upregulation of OXPHOS in 
BrM are unclear and may vary by cancer type. Fukumura 
et al. found an increase in oxidative metabolism in brain 
metastatic derivatives of three distinct breast cancer cell 
lines, suggesting that upregulation of OXPHOS in breast 
cancer cells is adaptively induced during the process of 
BrM [13]. Melanoma BrMs appear to activate OXPHOS 
through upregulation of the transcriptional regulator 
PGC-1α [24]. Fukumura et  al. delineated links between 
the PI3K-AKT pathway and OXPHOS in breast, lung, 
and renal cell BrMs [13]. In addition, the potential role of 
unique genetic mutations in BrMs in driving the upregu-
lation of OXPHOS is also worth to be further explored.

Tumor immune microenvironment is generally not 
concordant among the paired primary tumor and BrMs. 
In consistent with prior works [13, 24, 25, 86], our 
analyses showed that the percentage of CD3+ T cells 
was substantially decreased in BrM lesions compared 
to paired primary tumors. This result was in consist-
ent with the results of MCP counter and CIBERSORTx 
based on analyses of bulk tumor RNAseq data, showing 
that BrM lesions exhibited significantly lower scores of 
T cells, cytotoxic lymphocytes, B lineage, NK cells, but 
higher scores of gamma delta T cells as compared to 
primary lung tumors. Meanwhile, lower PD-L1 expres-
sion in BrMs was discovered by us (data were not shown) 
and others [87]. Lower infiltration of lymphocytes and 
expression of PD-L1 in BrMs are associated with worse 
prognoses of patients and responses to immune check-
point blockade [28, 88, 89]. These data supported the 
conclusion that LC-BrMs present an immune suppres-
sive microenvironment—“cold tumor” at both cellular 

and molecular levels. Differences in the immune profiles 
between BrMs and primary tumors are likely due to the 
distinct characteristics of the brain and lung environ-
ments. The brain’s unique microenvironment, shaped by 
factors such as the blood–brain barrier (BBB) and spe-
cialized resident cells, exerts significant selective pres-
sure on metastasizing cancer cells [73]. This pressure may 
contribute to the development of an immune-suppressive 
microenvironment in BrMs [73]. In the normal brain, 
BBB remain as the initial gatekeeper of central nervous 
system (CNS) and is responsible for protecting CNS 
from a massive inflammation [90]. Therefore, the healthy 
brain contains almost no lymphocytes, although there is 
evidence for immune surveillance of the normal human 
CNS by the lymphatic system in the brain [91, 92]. As 
BrM lesions are established and further expand, the per-
meability of BBB is heterogeneously increased [72]. As a 
result, tumor-infiltrating lymphocytes and other blood-
borne immune cells are observed in the BrMs but gen-
erally less than that observed in extracranial lesions. On 
the contrary, microglia are the resident macrophage cells 
located throughout the brain and spinal cord, which play 
a key role in overall brain maintenance. A large popula-
tion of microglia-macrophages in brain maintenance 
usually exhibits a tumor-promoting phenotype, facilitat-
ing tumor progression, angiogenesis, immunosuppres-
sion, and therapeutic resistance [93, 94].

Intriguingly, our animal experiment and recent clini-
cal studies showed a promising efficacy of anti-PD-1 
antibody in treating LC-BrM [26–28]. Potential and rel-
evant mechanisms of action of anti-PD-1 antibody in the 
CNS have been summarized previously, including partial 
direct drug access to the tumor microenvironment, rein-
vigoration of local T lymphocytes in brain metastases, 
looser BBB due to production of IFNγ by reinvigorated 
T lymphocytes, and increases in circulating tumor-spe-
cific lymphocytes and antigen repertoire at least partially 
due to CNS antigen presentation in the peripheral lymph 
nodes through lymphatic vessels in the dura mater [95].

As solid tumors quickly proliferate and outgrow 
their chaotic vasculature, chronic hypoxia frequently 
occurs, which results from an imbalance between oxy-
gen demand and poor oxygen supply due to abnormal 
vasculature [96, 97]. Tumor hypoxia results in worse 
clinical outcomes because hypoxic areas are highly 
resistant to cancer therapy, including radiotherapy, 
targeted therapy, and immunotherapy [98–100]. The 
absence of the oxygen enhancement effect mainly 
accounts for the resistance of hypoxic tumor cells to 
radiotherapy [99]. The immunosuppressive effect of 
hypoxia can result from both suppressed effects on 
immune effector cells and increased expression of cell-
surface immune checkpoint molecules on tumor cells 
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[101–104]. Previous and present studies found that 
BrMs commonly upregulated OXPHOS. OXPHOS 
inhibition could be an effective way to reduce the con-
sumption of oxygen and to consequently reduce tumor 
hypoxia. Therefore, OXPHOS inhibition is emerg-
ing as an effective strategy to mitigate immune sup-
pression and to enhance the efficacy of radio- and 
immuno-therapy in therapy-resistant hypoxic areas 
[105–110]. Moreover, resistances to chemotherapy 
and targeted therapies appear to be generally coupled 
with an increase in OXPHOS, and OXPHOS inhibition 
overcomes resistance to docetaxel in prostate cancer, 
cytarabine in acute myeloid leukemia, 5-fluorouracil in 
colorectal and MYC/PGC-1α-driven pancreatic cancer, 
to EGFR inhibition in EGFR-driven lung adenocarci-
noma and MAPK or BRAF inhibition in BRAF-mutant 
melanoma [24, 111–114]. Because tumors can display 
metabolic flexibility [115, 116], tumors with a high reli-
ance on OXPHOS may be able to switch to glycolysis 
for ATP production. Strategies interfering with glycoly-
sis may be employed to achieve synergistic combination 
effects with OXPHOS inhibitors [117, 118]. Above all, 
there is a potential for combining OXPHOS inhibitors 
with conventional chemotherapeutics, targeted thera-
pies, radiotherapy, immunotherapy, and inhibitors of 
other metabolic pathways such as glycolysis for treating 
LC-BrMs.

There are some limitations of this study. Due to the 
retrospective nature, the clinicopathological informa-
tion of some patients was unavailable. The correlation 
between mitochondrial and immune pathway scores 
with survival could be impacted by the treatment the 
patients received before surgical resection of BrMs. 
Given the heterogeneity of treatments prior to BrM 
resection and the small sample size of different treat-
ment groups, we were unable to do analyses on the 
subgroup level. Additionally, we did not have patient-
matched extracranial metastatic tissues to test the 
specificity of findings identified in BrMs. However, we 
believe these limitations will not compromise the reli-
ability of our findings, which were explored by inte-
grated analyses of multi-omics data and validated by 
PDOs and an orthotopic in vivo model of LC-BrM.

Given comprehensive analyses of the largest cohort of 
primary lung–brain metastasis pairs, and the novel and 
robust findings validated by multi-omic platforms, PDOs, 
and a mouse LC-BrM model, our findings not only pro-
vide comprehensive and integrated perspectives of 
molecular underpinnings of LC-BrMs but also contribute 
to the development of a potential, rationale-based combi-
natorial therapeutic strategy of gamitrinib plus anti-PD-1 
immunotherapy with the goal of translating it into clini-
cal trials for patients with LC-BrMs.

Conclusion
This study provides a comprehensive analysis of the 
molecular mechanisms underlying LC-BrMs, reveal-
ing significant genomic differences and enhanced 
intra-tumor heterogeneity compared to primary lung 
cancers. Our findings indicate that LC-BrMs exhibit 
elevated OXPHOS and a suppressed immune micro-
environment, characterized by reduced T cell infiltra-
tion. The promising efficacy of combining gamitrinib 
with anti-PD-1 immunotherapy in preclinical models 
highlights a potential therapeutic strategy for clinical 
translation. Despite limitations related to retrospective 
data and the availability of clinicopathological informa-
tion, our multi-omics approach supports the reliabil-
ity of these findings, paving the way for personalized 
treatments aimed at improving patient outcomes in 
LC-BrMs.
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