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Abstract
Background  Histidine metabolism is crucial in role in tumor biology, contributing to tumor progression, immune 
regulation, and metabolic reprogramming. In hepatocellular carcinoma (HCC), dysregulated histidine metabolism 
may promote tumor growth and immune evasion, although the specific mechanisms remain poorly understood.

Methods  Using single-cell RNA sequencing, the expression patterns of histidine metabolism–related genes were 
evaluated across different cell types in HCC samples. In vivo and in vitro experiments were conducted to validate how 
histidine treatment affects macrophage and T-cell function. Furthermore, the TCGA database was utilized to construct 
a prognostic model to identify the key gene BUD23 and to examine its correlation with metabolism and immune 
infiltration.

Results  The proportion of parenchymal cells exhibiting high histidine metabolism was significantly increased, 
accompanied by a general reduction in immune and stromal cell infiltration. Notably, macrophages and T 
cells demonstrated impaired antitumor functions. In the high histidine metabolism group, multiple critical 
cell communication pathways (e.g., MIF, CLEC, MHC II) were downregulated, macrophages shifted toward 
immunosuppressive subpopulations, T cells exhibited an exhaustion phenotype, and CD8 + T-cell activation was 
diminished. Further in vivo and in vitro co-culture experiments confirmed that elevated histidine concentrations 
promoted M2 polarization in macrophages and weakened T-cell cytotoxicity, accelerating tumor proliferation. 
According to TCGA analyses, BUD23 was upregulated in the high histidine metabolism group and significantly 
negatively correlated with patient survival and immune cell infiltration. Silencing BUD23 boosted immune cell 
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Introduction
Histidine is an essential amino acid extensively 
involved in various physiological functions and meta-
bolic pathways for the human body. Recent studies 
have shown that histidine metabolism is closely linked 
to the onset and progression of numerous diseases, 
particularly highlighting its role in cancer [1–3]. Liver 
cancer, specifically hepatocellular carcinoma (HCC), 
is among the most prevalent malignancies world-
wide. Its pathogenesis is complex, involving dysregu-
lation across multiple metabolic pathways [4–6], with 
changes in histidine metabolism potentially playing a 
significant role. Histidine metabolism primarily occurs 
through the decarboxylation catalyzed by histidine 
decarboxylase, producing histamine, which is subse-
quently metabolized into downstream products such 
as imidazole acetic acid. Additionally, histidine can 
undergo transamination to generate glutamate, which 
participates in energy metabolism, including the tri-
carboxylic acid (TCA) cycle [2, 7, 8]. Histidine metab-
olites, particularly histamine, play crucial roles not 
only in immune responses and inflammatory reactions 
[9–11] but also regulating the tumor microenviron-
ment [12–14].

Metabolic reprogramming of hepatocytes is a key 
feature in the onset and progression of liver cancer 
[15–17]. Research has demonstrated that, to meet the 
demands of rapid proliferation, cancer cells alter their 
energy metabolism, including glycolysis, fatty acid 
metabolism, and amino acid metabolism [16, 18–21]. 
Histidine and its metabolites may contribute to liver 
cancer development through the following mecha-
nisms: (1) Inflammation and Immune Regulation: 
Liver cancer onset is often accompanied by changes 
in the immune microenvironment, with histidine 
metabolites, such as histamine, playing pivotal roles in 
inflammatory responses. Histamine regulates immune 
cell functions, including T cells, B cells, macrophages, 
and dendritic cells-through its receptors (e.g., H1, H2, 
H3, and H4 receptors), thereby influencing the tumor 
immune microenvironment [9, 12–14]. Degradation 
products of histidine, such as urocanic acid, glutamate, 
and cis-urocanic acid, exhibit immunosuppressive 

properties, potentially promoting tumor development 
by inhibiting antitumor immune function [22]. (2) 
Oxidative Stress and Antioxidant Defense: Histidine 
metabolism is closely associated with the regulation 
of oxidative stress. Through its metabolites, histidine 
influences the redox state, contributing to the main-
tainance of intracellular antioxidant balance [23–28]. 
Liver cancer cells are frequently in a state of high oxi-
dative stress, which promotes tumor cell survival and 
proliferation [29–32]. Targeting histidine metabolism 
or oxidative stress pathways may represent a poten-
tial therapeutic strategy for liver cancer. (3) Regula-
tion of Energy Metabolism: Histidine metabolism is 
closely linked to the energy demands of liver cancer 
cells. Histidine contributes to the TCA cycle by gen-
erating glutamate, thereby impacting the energy sup-
ply of hepatocytes [2, 7]. In liver cancer, metabolic 
reprogramming drives increased energy requirements 
[15–17], and histidine metabolism may influence 
tumor proliferation and survival by modulating energy 
metabolism pathways.

Given the strong association between histidine 
metabolism and liver cancer, targeting enzymes 
involved in histidine metabolism or its downstream 
products has become a research focus. For instance, 
inhibiting histidine decarboxylase or blocking hista-
mine receptor activity may prevent pro-tumor sig-
naling in the tumor microenvironment [13, 33–36]. 
Moreover, modulating tumor cell metabolic pathways, 
such as oxidative stress or energy metabolism, could 
provide novel avenues for liver cancer treatment. His-
tidine metabolism plays a complex and multifaceted 
role in the onset and progression of liver cancer, influ-
encing tumor cell behavior through pathways involving 
inflammation, immunity, oxidative stress, and energy 
metabolism. Consequently, further research into the 
mechanisms by which histidine metabolism affects 
liver cancer, as well as exploration of targeted thera-
peutic strategies for histidine metabolic pathways, may 
offer new directions and opportunities for early inter-
vention and treatment.

Through an in-depth analysis of single-cell sequenc-
ing data from liver cancer coupled with both in vivo 

activation and cytotoxic effects, effectively reversing the immunosuppressive microenvironment. A multivariable Cox 
regression–based prognostic model indicated unfavorable outcomes in patients with high histidine metabolism.

Conclusion  Histidine metabolism drives tumor cell metabolic reprogramming and reshapes the tumor immune 
microenvironment through intercellular communication, thereby promoting tumor progression. BUD23 shows 
promise as a biomarker for prognosis and immune response prediction in liver cancer. This study provides new 
therapeutic targets and theoretical support for liver cancer treatment by targeting histidine metabolism.

Keywords  Histidine metabolism, Hepatocellular carcinoma, Tumor microenvironment, Immune suppression, BUD23, 
Prognosis
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and in vitro experiments, we found that histidine 
metabolism promotes tumor development and affects 
patient prognosis by reprogramming tumor cell metab-
olism, modulating the immune microenvironment, 
and inhibiting immune cell infiltration. Furthermore, 
we constructed a prognostic model based on histidine 
metabolism and identified the gene BUD23 as having 
the most significant influence on tumor progression. 
This gene may serve as a biomarker for clinical detec-
tion and prediction of immunotherapy efficacy.

Methods and materials
Databases and software
The HCC scRNA-seq datasets were downloaded 
from the GEO database (www.ncbi.nlm.nih.gov/geo/), 
including GSE149614. RNA-seq gene expression data 
of patients with LIHC and the clinical information of 
the patients were downloaded from the UCSC XENA 
Data Portal (https://xena.ucsc.edu). Level 3 data of 
LIHC patients were obtained from Xiantao ​A​c​a​d​e​m​e​
(​​​h​t​t​p​s​:​/​/​w​w​w​.​x​i​a​n​t​a​o​z​i​.​c​o​m​​​​​)​, which included relevant 
clinical data and survival information. The UALCAN 
tool, available through the University of Alabama 
at Birmingham Cancer Data Analysis Portal(http://
ualcan.path.uab.edu), was used for translational, 
proteomic, and clinical correlation analyses. The 
scRNA-seq dataset analysis was performed using 
Seurat (v4.4.1) in R. First, the two large scRNA-seq 
datasets were integrated and batch-corrected using 
the “IntegrateData” function. Cells that did not meet 
the quality control criteria (200 < nFeature RNA < 8000, 
and percent.mt < 15%) were subsequently excluded 
from the integrated dataset. Standard Seurat work-
flows were then applied, including t-distributed sto-
chastic neighbor embedding(t-SNE). Furthermore, 
the “Harmony” R package (​h​t​t​p​​s​:​/​​/​g​i​t​​h​u​​b​.​c​​o​m​/​​i​m​m​
u​​n​o​​g​e​n​o​m​i​c​s​/​h​a​r​m​o​n​y) was used to integrate gene-
cell matrices from ​d​i​f​f​e​r​e​n​t samples. Cluster-specific 
genes were annotated by matching them with previ-
ously reported cell population features in the Cell-
Marker database.

Cell culture
The hepG2 and THP-1 cell line used in this study was 
obtained from Procell and verified to be free of myco-
plasma contamination. The general procedure for 
maintaining these cell cultures has been described pre-
viously. Briefly, the cells were cultured in DMEM high-
glucose or RPMI 1640 medium supplemented with 
10% fetal bovine serum (FBS, Procell) and maintained 
in a humidified incubator at 37 °C with 5% CO2.

Antibodies and chemicals
Antibodies(chemicals) Source Identifier
FITC anti-human CD11b Biolegend 301,330
PE anti-human CD86 Biolegend 305,438
APC anti-human CD163 Biolegend 333,610
Purified NA/LE Hamster Anti-Mouse 
CD3e

BD Pharmingen 553,057

Purified NA/LE Hamster Anti-Mouse 
CD28

BD Pharmingen 553,294

PerCP/Cyanine5.5 anti-mouse CD3 Biolegend 100,218
APC anti-mouse CD4 Biolegend 100,412
FITC anti-mouse CD8a Biolegend 100,706
PE anti-mouse CD279 Biolegend 135,205
PE anti-mouse CD69 Biolegend 104,507
APC/Fire™ 750 anti-mouse CD45 Biolegend 103,154
PE/Cyanine7 anti-mouse F4/80 Biolegend 123,114
FITC anti-mouse CD11b Biolegend 101,206
PE anti-mouse CD206 Biolegend 141,706
PE anti-mouse CD86 Biolegend 105,008
APC anti-mouse CD80 Biolegend 104,714
APC anti-mouse CD163 Biolegend 155,306
PE anti-mouse I-A/I-E Biolegend 107,608
PE anti-mouse H2Kb BD Pharmingen 561,072
PE anti-mouse TNF-α Biolegend 506,306
PE anti-mouse CD274 Biolegend 124,308
PE anti-mouse IFN-γ Biolegend 505,807
CD3 Monoclonal Antibody eBioscience 16-0037-81
CD28 Monoclonal Antibody eBioscience 16-0289-81
PerCP/Cyanine5.5 anti-human CD3 Biolegend 317,335
APC anti-human CD4 Biolegend 300,514
FITC anti-human CD8a Biolegend 300,905
PE anti-human CD279 Biolegend 329,905
PE anti-human CD69 Biolegend 310,905
WBSCR22 Polyclonal antibody Proteintech 28192-1-AP
HRP-conjugated Alpha Tubulin Recom-
binant antibody

Proteintech HRP-80,762

PMA Solarbio P6741
L-Histidine Solarbio H0020
Lipofectamine 3000 Invitrogen L3000015

Cell transfection
Small interfering RNAs (siRNAs) for downregulation 
of target genes were constructed by Hanyibio (Guang-
zhou, China). Briefly, indicated cells (1 × 105 cells) were 
seeded into 6-well plates and cultured overnight to a 
confluence of approximately 70%. Subsequently, cells 
were transfected with indicated siRNAs using a Lipo-
fectamine 3000 kit (Invitrogen, Waltham, MA, USA). 
Downregulation of target genes was confirmed using 
RNA extraction and qRT-PCR analysis.

http://www.ncbi.nlm.nih.gov/geo/
https://xena.ucsc.edu
https://www.xiantaozi.com
http://ualcan.path.uab.edu
http://ualcan.path.uab.edu
https://github.com/immunogenomics/harmony
https://github.com/immunogenomics/harmony
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Name Sequences
siAOC-1 UAGAACUUCCCGUUGUACCAC

GGUACAACGGGAAGUUCUAUG
siAOC-2 UGGUAUUGAGGAAGAACUGAU

CAGUUCUUCCUCAAUACCACA
siBUD23-1 UAUUCUCUGGCAGAUAAAGAA

CUUUAUCUGCCAGAGAAUAAG
siBUD23-2 UCUUGUUAGCAUUACAGAGCC

CUCUGUAAUGCUAACAAGAAG

RNA extraction and qRT-PCR analysis
According to the manufacturer’s instructions, total 
RNA was isolated from cultured cell samples using the 
EZpress RNA Purification Kit (EZBioscience, B0004). 
cDNA was then synthesized using the PrimeScript 
RT Kit (TaKaRa Bio, RR036A), followed by qRT-PCR 
using the SYBR Green PCR Master Mix (Life Tech-
nologies, A25742). ACTB was used as an endogenous 
reference for the quantification and normalization of 
PCR products.

Primer namea Primer sequence
ACTB-F CACCATTGGCAATGAGCGGTTC
ACTB-R AGGTCTTTGCGGATGTCCACGT
AOC1-F TACGTCCACGCCACCTTCTACA
AOC1-R GTCTGGAAGCTGTTCTTGGTGC
BUD23-F ATGAGGCTGTGGACCGAGAGAT
BUD23-R TACAGAGCCACTGCACAGCAGA
a: F, forward primer; R, reverse primer

Western blot
Cells were lysed in RIPA Lysis Buffer (Beyotime, 
P0013C) at 4 °C for 30 min, with vortexing every 5 min. 
The lysate was centrifuged at 13,000 × g for 20 min at 
4  °C, and the supernatant was collected for protein 
concentration measurement using the BCA assay. 
SDS-PAGE Sample Loading Buffer (Beyotime, P0015) 
was added, and proteins were denatured at 100  °C for 
10 min. Proteins were then separated using 10% SDS-
PAGE and transferred onto a PVDF membrane (Milli-
pore, USA). The membrane was blocked with 5% milk 
for 1 h and incubated with the primary antibody over-
night at 4 °C. Finally, after incubation with the second-
ary antibody (Proteintech, SA00001-2), protein bands 
were visualized using a chemiluminescence imaging 
system (LAS500).

Seahorse XF analysis
The XF96 sensor cartridge was hydrated overnight in 
a 37  °C non-CO2 incubator with Seahorse XF calibra-
tion solution (#103095-000, Agilent). HepG2 cells were 
seeded into a Seahorse XF96 cell culture microplate 
(Agilent, CA, USA) at a density of 1 × 10⁴ cells per well 
and cultured for 48 h with or without 30 mM histidine. 
Alternatively, HepG2 cells transfected with siRNAs 

were seeded into a Seahorse XF96 cell culture micro-
plate at a density of 2 × 10⁴ cells per well and cultured 
for 24 h.

For the mitochondrial stress test, cells were washed 
and incubated in Seahorse XF basal medium supple-
mented with glucose (10 mM), pyruvate (1 mM), and 
glutamine (2 mM) in a 37  °C non-CO2 incubator for 
1  h. The oxygen consumption rate (OCR) was moni-
tored while sequentially adding 2 µM oligomycin, 1 
µM FCCP, and 0.5 µM rotenone/antimycin A (from the 
Seahorse XF Cell Mito Stress Test Kit, #103015-100, 
Agilent) to assess mitochondrial respiratory capac-
ity. The Seahorse XF96 analyzer (Agilent, CA, USA) 
was used to measure extracellular acidification rate 
(ECAR) and OCR according to the manufacturer’s 
instructions.

For the glycolytic rate assay, cells were washed 
and incubated in Seahorse XF basal medium supple-
mented with glucose (10 mM), pyruvate (1 mM), and 
glutamine (2 mM) in a 37  °C non-CO2 incubator for 
1  h. ECAR was monitored while sequentially adding 
0.5 µM Rot/AA and 50 mM 2-DG from the Seahorse 
XF Glycolytic Rate Assay Kit (#103344-100, Agilent) 
to assess glycolytic capacity. The Seahorse XF96 ana-
lyzer (Agilent, CA, USA) was used to measure ECAR 
and OCR according to the manufacturer’s instructions. 
Data analysis and report generation were performed 
using Seahorse Analytics.

Hematoxylin and Eosin staining and 
immunohistochemistry analysis
After euthanizing the mice, the tumor tissues were 
immediately fixed in 4% paraformaldehyde. Hematoxy-
lin and eosin (HE) staining and immunohistochemical 
staining were performed by Wuhan Servicebio Tech-
nology Co., Ltd. Tissue sections were imaged at room 
temperature using a Pannoramic MIDI digital slide 
scanner (3DHISTECH). Images were analyzed using 
QuPath software.

Immunohistofluorescence staining
After euthanizing the mice, the tumor tissues were 
immediately fixed in 4% paraformaldehyde. Immuno-
histofluorescence staining were performed by Wuhan 
BaiQianDu bio Technology Co., Ltd. The tissue sec-
tions were imaged at room temperature using a Pan-
noramic SCAN digital slide scanner (3DHISTECH). 
Images were analyzed using CaseViewer and ImageJ 
software.

In vitro macrophage polarization assay
HepG2 cells were treated with various concentra-
tions of histidine for 48  h or transfected with siRNA, 
after which the conditioned medium was collected.
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THP-1 cells were cultured in RPMI-1640 medium 
supplemented with 10% fetal bovine serum (FBS) 
and 1% penicillin/streptomycin at 37  °C in a 5% CO2 
atmosphere. When cell density reached 80%, phorbol 
12-myristate 13-acetate (PMA, 50 ng/mL) was used to 
induce differentiation into M0 macrophages for 24  h. 
The cells were then washed with PBS, and conditioned 
medium were added. The cells were cultured at 37  °C 
with 5% CO2 for an additional 48  h. Subsequently, 
cells were then collected, stained, and labeled, and the 
expression levels of CD86 and CD163 were measured 
using flow cytometry.

In vitro T cell differentiation and functional assay
Hepa1-6 cells were treated with various concentrations 
of histidine for 48 h or, in the case of HepG2 cells, sub-
jected to siRNA transfection before collecting the con-
ditioned medium. Mice were euthanized, and spleens 
were collected. The spleens were minced and filtered 
to obtain a single-cell suspension. Lymphocytes were 
isolated using a lymphocyte separation medium, fol-
lowed by red blood cell lysis and washed with PBS. 
Human peripheral blood lymphocytes were simi-
larly isolated using a lymphocyte separation reagent, 
with red blood cells removed and the remaining cells 
washed with PBS. The isolated lymphocytes were 
seeded into culture dishes pre-coated overnight with 
CD3 antibodies and cultured at 37 °C with 5% CO2 in 
a medium containing CD28 and conditioned medium 
for 48  h. Subsequently, the cells were then collected, 
stained, and labeled, lymphocyte differentiation, acti-
vation, and exhaustion were measured using flow 
cytometry.

Mouse subcutaneous tumor model
Four-week-old male C57BL/6 mice were selected, and 
10^6 Hepa1-6 cells were injected subcutaneously. The 
drinking water of the treatment group was replaced 
with a 100 mM histidine aqueous solution, and tumor 
volume was measured every 5 days starting on Day 7. 
After 22 days, tumors were collected, and single-cell 
suspensions were prepared for subsequent lympho-
cyte isolation. The cell suspensions were stained and 
labeled, and immune cell infiltration, macrophage 
polarization and function, as well as lymphocyte dif-
ferentiation, activation, and exhaustion, were mea-
sured using flow cytometry.

Mouse liver orthotopic tumor model
Four-week-old male C57BL/6 mice were selected, and 
10^6 Hepa1-6-luc cells were injected into the liver 
via laparotomy. Starting on day 7 post-injection, the 
luciferase signals in the mice were monitored every 5 
days using an in vivo imaging system to track tumor 

growth. On day 22, livers were collected and fixed in 
paraformaldehyde to prepare paraffin-embedded sec-
tions. Immunofluorescence was performed to assess 
immune cell infiltration, macrophage polarization and 
function, as well as lymphocyte differentiation, activa-
tion, and exhaustion levels.

Statistical analysis
All statistical analyses were performed using Graph-
Pad Prism (version 9.4.1) and R software. Data were 
presented as mean ± standard deviation (SD) unless 
otherwise specified. The normality of the data distri-
bution was assessed using the Shapiro-Wilk test. For 
comparisons between two groups, an unpaired two-
tailed Student’s t-test was applied if the data were 
normally distributed, otherwise, the Mann-Whitney 
U test was used for non-parametric data. For com-
parisons among multiple groups, one-way analysis of 
variance (ANOVA) followed by Tukey’s post-hoc test 
was used for parametric data, whereas the Kruskal-
Wallis test followed by Dunn’s post-hoc test was used 
for non-parametric data. Kaplan-Meier survival curves 
were generated to analyze overall survival, and statis-
tical differences were determined using the log-rank 
(Mantel-Cox) test. Correlation analyses were con-
ducted using Pearson’s correlation for normally dis-
tributed variables and Spearman’s rank correlation for 
non-parametric data. P-values less than 0.05 were con-
sidered statistically significant. All experiments were 
performed in triplicate or more to ensure reproduc-
ibility. Statistical significance is indicated in the figures 
by *P < 0.05, **P < 0.01, ***P < 0.001. Data visualization, 
including box plots, bar charts, and scatter plots, was 
generated using GraphPad Prism to illustrate key find-
ings clearly and effectively.

Results
Single-cell sequencing analysis revealed the 
comprehensive regulatory impact of histidine metabolism 
on the tumor immune microenvironment
To investigate the global regulation of histidine metab-
olism on the tumor microenvironment, we down-
loaded single-cell sequencing data of HCC from the 
GEO database. Following quality control, a total of 
32,984 high-quality cells were obtained. A list of his-
tidine metabolism-related genes was retrieved from 
the GSEA database. Cell metabolic scores were cal-
culated using the AUCell algorithm and grouped 
into His-HIGH and His-LOW categories. These cells 
were clustered into 41 clusters using t-SNE (Fig.  1A). 
The expression profiles of marker genes in different 
cell clusters were analyzed (Supplementary Fig.  1A). 
Through systematic annotation strategies, six major 
cell types were identified, including hepatocytes, T/
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NK cells, B cells, macrophages, endothelial cells, and 
fibroblasts (Fig.  1B). Based on the annotation results, 
we verified the high expression of marker genes in the 
corresponding cell types: hepatocytes exhibited high 
expression levels of ALB, EPCAM, HNF4A, and SER-
PINA1, macrophages exhibited high expression lev-
els of CD14, CD68, CD86, CD163, IL1B, and LYZ, T/
NK cells expressed high levels of CD3D, CD3E, IL7R, 
and NKG7, B cells exhibited high expression levels of 
CD79A, IGHG1, and JCHAIN, endothelial cells exhib-
ited high expression levels of Pecam1 and VWF, fibro-
blasts exhibited high expression levels of ACTA2 and 
Col1a1 (Supplementary Fig.  1B). Analysis of cell pro-
portions revealed that hepatocytes were more abun-
dant in high histidine metabolism group, whereas 
immune and stromal cells were less prevalent (Fig. 1C, 
D). Differential expression analysis showed that histi-
dine metabolism-related genes were highly expressed 
in hepatocytes, moderately expressed in macrophages, 
and minimally expressed in lymphocytes and stromal 
cells (Supplementary Fig.  1C). Altogether, these find-
ings indicate that elevated histidine metabolism is 
associated with an expansion of liver cancer cells and 
a reduction in immune and stromal cell infiltration 
within the tumor microenvironment.

We analyzed intercellular interactions to determine 
how histidine metabolism influences cell commu-
nication networks. Our findings revealed a marked 
decrease in both the number and intensity of inter-
actions among various cell types in the high his-
tidine metabolism group. This decrease was most 
pronounced in the crosstalk between stromal and 
immune cells, although reduced communication 
between parenchymal cells and both immune and stro-
mal cells was also evident (Fig.  1E, F, Supplementary 
Fig.  1D, E). Further investigation showed significant 
downregulation in cell-to-cell interactions mediated 
by parenchymal cells—particularly through the MIF, 
FN1, MK, SPP1, VTN, and PARs signaling axes tar-
geting themselves, immune cells, or stromal cells 
(Fig.  1G). Moreover, GSVA analysis indicated that 
pathways related to immune responses and immune 
cell activation were less enriched in the high histidine 
metabolism group, whereas oxidative phosphorylation 
pathways were more enriched (Fig. 1H).

In summary, histidine metabolism regulates cell-cell 
interactions to inhibit immune cell infiltration and 
immune response.

Elevated histidine metabolism inhibits immune cell 
infiltration by metabolically reprogramming tumor cells 
and stromal cells
To investigate the ecological impact of histidine 
metabolism on different cell types within the immune 

microenvironment, we reclustered hepatocytes using 
t-SNE, identifying 18 main clusters that were subse-
quently divided into high and low histidine metabolism 
groups (Fig. 1I, Supplementary Fig. 2A). KEGG enrich-
ment analysis of gene expression in these two groups 
revealed a significant upregulation of genes involved 
in diverse metabolic processes (Fig. 1J), whereas genes 
associated with proliferation, migration, and inva-
sion—the defining characteristics of malignancy—did 
not show substantial changes (Fig.  1K). To validate 
these analytical results, we conducted Seahorse met-
abolic analysis on human hepatocellular carcinoma 
cell lines. Consistent with previous findings, histidine 
treatment led to an increase in ATP-linked respira-
tion and enhanced oxidative phosphorylation (Fig. 1L, 
Supplementary Fig. 2B). Meanwhile, the glycolytic rate 
of the cells was also elevated (Fig. 1M, Supplementary 
Fig.  2C). t-SNE analyses of various metabolic path-
ways demonstrated an activation of lipid, glucose, and 
amino acid metabolism in parenchymal cells with high 
histidine metabolism, consistent with earlier GSVA 
findings (Supplementary Fig. 2D).

We further examined TCGA data by scoring histi-
dine metabolism gene sets and dividing samples into 
high and low histidine metabolism groups. Using 
both the SSGSEA and xCell algorithms, we assessed 
the impact of histidine metabolism on immune cell 
infiltration. Across different analytical methods, the 
results consistently showed lower immune cell infiltra-
tion in the high histidine metabolism group (Fig.  1N, 
Supplementary Fig.  2E). GSEA also indicated that 
histidine metabolism was negatively correlated with 
immune activation pathways (Fig. 1O).

From these findings, we infer that histidine metabo-
lism does not directly influence tumor proliferation 
but instead reshapes the tumor microenvironment 
by altering tumor cells metabolism and modulating 
interactions between tumor cells, immune cells, and 
stromal cells, ultimately creating a microenvironment 
more conducive to tumor growth.

Fibroblasts play a crucial role in cell communica-
tion and contribute significantly to the formation of 
the tumor microenvironment. Therefore, we further 
analyzed fibroblasts. Clustering analysis identified 
eight major fibroblast subpopulations (Supplemen-
tary Fig.  3A). Systematic annotation based on gene 
expression profiles revealed three key subtypes: 
my-ACTA2 + CAFs (myofibroblast-like CAFs), mat-
POSTN + CAFs (matrix-producing CAFs), and pro-
C7 + CAFs (pro-inflammatory CAFs) (Supplementary 
Fig. 3B, C).

By analyzing the differential expression of histidine 
metabolism-related genes and performing UMAP 
analysis of marker genes, we found that the infiltration 
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Fig. 1 (See legend on next page.)
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of all three CAF subtypes was reduced in the high his-
tidine metabolism group (Supplementary Fig.  3D, E). 
GSVA analysis further demonstrated that high histi-
dine metabolism significantly downregulated fibro-
blast-mediated immune responses (Supplementary 
Fig.  3F, G), with the most pronounced suppression 
observed in pro-C7 + CAFs (Supplementary Fig.  3H). 
Additionally, KEGG and GO enrichment analyses 
revealed upregulation of multiple metabolism-related 
pathways in fibroblasts (Supplementary Fig.  3I, J). 
Based on these findings, we hypothesize that histidine 
metabolism regulates fibroblast metabolic reprogram-
ming, modulating cell communication to suppress 
immune responses.

In summary, we propose that high histidine metab-
olism reprograms the metabolism of both tumor and 
stromal cells, influencing cell communication, inhib-
iting immune cell infiltration, and reshaping the 
tumor microenvironment, thereby promoting tumor 
progression.

Elevated histidine metabolism suppresses the antitumor 
activity of macrophages
In recent years, the crosstalk between tumor cell 
metabolism and the immune microenvironment has 
garnered increasingly attention for its role in tumori-
genesis and progression [16, 37, 38]. To investigate 
the impact of elevated histidine metabolism on the 
immune microenvironment, we reclustered macro-
phages, resulting in 16 primary cell clusters (Fig. 2A). 
Systematic annotation based on gene expression pro-
files of each cluster, we identified several macro-
phage subtypes, including IFN-ISG15 + macrophages 
(interferon-related macrophages), HSP-HSP + macro-
phages (heat shock protein-related macrophages), LA-
APO + macrophages (lipid-associated macrophages), 
Angio-VCAN + macrophages (angiogenesis-related 
macrophages), RTM-MARCO + macrophages (tissue-
resident macrophages), and Inflam-AREG + macro-

phages (inflammation-related macrophages) (Fig.  2B, 
Supplementary Fig. 4A, B).

We next examined the differential expression of his-
tidine metabolism–related genes. In the high histidine 
metabolism group, the number of macrophages with 
antitumor functions, such as HSP-HSP + macrophages 
and Inflam-AREG + macrophages, was significantly 
reduced. Conversely, the number of macrophages lack-
ing antitumor functions or exhibiting immunosuppres-
sive properties, such as LA-APO + macrophages and 
RTM-MARCO + macrophages, increased (Fig.  2  C, 
D). The accuracy of these annotations was further 
validated through t-SNE expression analysis of marker 
genes (Supplementary Fig. 4C).

To investigate the impact of histidine metabo-
lism on macrophage function, enrichment analyses 
revealed that histidine metabolism upregulated the 
expression of genes associated with various meta-
bolic processes in macrophages, while inhibiting their 
antitumor activities such as cell–cell communication, 
signal transduction, cell proliferation, cytokine pro-
duction, and responses to cytokines (Fig.  2E, F). We 
further explored how histidine metabolism shapes 
macrophage-mediated intercellular communication by 
performing CellChat analysis of interactions between 
macrophages and other cell types. The ADGRE5, 
ANNEXIN, EGF, CLEC, CALCR, and CXCL signal-
ing axes were significantly downregulated in macro-
phage–macrophage, macrophage–immune cell, or 
macrophage–stromal cell crosstalk (Fig.  2G). Next, 
we investigated changes in different macrophage sub-
populations. GSVA analysis showed that in the high 
histidine metabolism group, macrophage activation, 
chemotaxis, immune responses, cytokine production 
and signaling, and antigen presentation pathways were 
markedly downregulated—especially in HSP-HSP⁺ 
macrophages and Inflam-AREG⁺ macrophages, both 
of which display antitumor properties (Fig. 2H). These 
findings suggest that in an immune microenviron-
ment characterized by elevated histidine metabolism, 

(See figure on previous page.)
Fig. 1  Single-cell sequencing analysis revealed global regulatory effect of histidine metabolism on tumor immune microenvironment. (A) t-SNE plot 
displaying eight liver cancer single-cell datasets clustered into 41 distinct cell clusters via dimensional reduction. (B) Annotation based on marker gene 
expression classified the cells into six groups: hepatocytes, macrophages, T cells, B cells, endothelial cells, and fibroblasts. (C) t-SNE plot dividing cells into 
two groups based on histidine metabolism levels: high histidine metabolism group(left) and low histidine metabolism group(right). (D) Proportions of 
each cell type within the high and low histidine metabolism groups. (E) Quantitative analysis of intercellular interactions ranked by interaction frequency 
and strength. (F) Network diagram illustrating how histidine metabolism affects intercellular interactions. Blue nodes indicate downregulated interac-
tions in the high histidine metabolism group, and red nodes indicate upregulated ones. (G) Heatmap depicting the intensity of signaling axes across cell 
interactions in the high (left) and low (right) histidine metabolism groups (e.g., MIF, CLEC, MHC II, SPP1). (H) Ridge plot of GSVA analysis showing pathway 
enrichment in the high and low histidine metabolism groups. (K) t-SNE plot displaying hepatocytes clustered into 18 cell clusters via dimensional reduc-
tion. (I) Division of hepatocytes into two groups based on histidine metabolism levels. (J) Bubble plot displaying the results of KEGG enrichment analysis 
on the impact of histidine metabolism on hepatocyte functions. (N) Bubble plot displaying the results of GO enrichment analysis on the impact of histi-
dine metabolism on hepatocyte functions. (L) Seahorse analysis of the impact of histidine on oxygen consumption rate (OCR). (M) Seahorse analysis of 
the impact of histidine on glycolytic rate (glycoPER). (N) Heatmap (SSGSEA) analyzing the impact of histidine metabolism on immune infiltration in HCC 
samples from the TCGA database. (O) GSEA results showing the effect of histidine metabolism on immune-related pathways in TCGA HCC data. Error bars 
represent the SD obtained from five or three independent experiments; ***P < 0.001。
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macrophage antitumor function is substantially 
diminished.

Additionally, we performed in vitro co-culture 
experiments using THP-1–derived M0 macrophages 
to examine how variations in histidine metabolism 
affect macrophage polarization (Fig. 2I). With increas-
ing histidine concentrations, macrophages showed a 
tendency to differentiate more toward the M2 pheno-
type, while differentiation into M1-type macrophages, 
which possess antitumor properties, was significantly 
reduced. These results further illustrate that histidine 
metabolism drives metabolic reprogramming in tumor 
cells, modifies macrophage differentiation through 
intercellular signaling, and ultimately reshapes mac-
rophage function and the tumor microenvironment, 
thereby promoting tumor progression.

Elevated histidine metabolism suppresses the antitumor 
activity of T cells
We performed clustering analysis on another impor-
tant immune cell population, NK_T cells, and iden-
tified two subpopulations: NK cells and T cells 
(Supplementary Fig.  5A). To investigate the effect 
of elevated histidine metabolism on the antitumor 
function of T cells, we reclustered T cells and iden-
tified 12 primary cell clusters (Fig.  3A). Based on 
the gene expression profiles of each cluster, we per-
formed systematic annotation and identified sev-
eral T cells subtypes, including Tem-GZMA + cells 
(effector memory T cells), Tn-CCR7 + cells (naive 
T cells), HSP-T-HSP + cells (T cells expressing mul-
tiple heat shock proteins), Treg-Ctla4 + cells (regula-
tory T cells), and Trm-CD69 + cells (tissue-resident 
memory T cells) (Fig.  3B, Supplementary Fig.  5B, C). 
Further t-SNE expression analysis of marker genes 
confirmed the accuracy of these annotations (Supple-
mentary Fig.  5D). The results demonstrated that in 
the high histidine metabolism group, T cell infiltra-
tion was reduced, and the proportion of T cells lacking 
antitumor function or exhibiting immunosuppres-
sive properties increased, including Trm-Cd69 + cells, 
Treg-Ctla4 + cells, and Tn-CCR7 + cells. Conversely, 
the proportion of T cells with antitumor functions, 
such as Tem-GZMA + cells and HSP-T-HSP + cells, 
was decreased (Fig. 3 C, D).

To investigate how histidine metabolism impacts 
T-cell crosstalk, we utilized CellChat to analyze cell-
cell interactions among various T cell subpopula-
tions, finding particularly strong connections between 
Tem-GZMA + cells, Treg-Ctla4 + cells, and HSP-T-
HSP + cells (Supplementary Fig.  5E). Further analyses 
revealed that signaling axes such as CLEC, MIF, MHC 
II, CD99, and SPP1—targeting Tem-GZMA⁺ cells via 
Treg-Ctla4⁺ or HSP-T-HSP⁺ cells—played pivotal roles 

in T-cell interactions (Fig.  3E). In the high histidine 
metabolism group, these axes (CLEC, MIF, SPP1, MHC 
II) were all notably downregulated in T cells’ interac-
tions with other cells or among themselves (Fig. 3F).

We also conducted GSEA on different T-cell sub-
sets. In the high histidine metabolism group, anti-
tumor functions—including activation, chemotaxis, 
proliferation, and cytokine production—were mark-
edly suppressed in Tem-GZMA⁺ and HSP-T-HSP⁺ 
cells, Trm-CD69⁺ cells also showed a certain degree 
of downregulation (Fig.  3G). Meanwhile, GO enrich-
ment analysis revealed that high histidine metabolism 
suppressed T cell gene expression, transcription, and 
activation functions (Fig.  3H). Taken together, these 
findings suggest that in an immune microenviron-
ment characterized by elevated histidine metabolism, 
these signaling axes modulate T-cell activation, migra-
tion, and cytokine production, reshaping the immune 
microenvironment to favor tumor progression.

We also isolated splenic lymphocytes from mice and 
conducted in vitro co-culture experiments to inves-
tigate how different levels of histidine metabolism 
affect T-cell function (Fig. 3I). As histidine concentra-
tion increased, the proportion of T cells differentiat-
ing into CD4⁺ and CD8⁺ subtypes decreased, while the 
fraction of CD4⁺PD1⁺ and CD8⁺PD1⁺ T cells rose. This 
shift indicates enhanced T-cell exhaustion. Addition-
ally, CD69 expression on both CD4⁺ and CD8⁺ T cells 
declined, reflecting lower activation levels (Fig.  3J, 
Supplementary Fig.  5F, G, H). These findings suggest 
that heightened histidine metabolism suppresses T-cell 
differentiation and activation while promoting exhaus-
tion, ultimately altering the tumor microenvironment 
to favor tumor progression.

Collectively, these results indicate that histidine 
metabolism reshapes the tumor microenvironment by 
regulating T-cell differentiation, suppressing activa-
tion, and driving exhaustion, thereby promoting tumor 
progression.

Elevated histidine metabolism suppresses the antitumor 
activity of NK cells
Natural killer (NK) cells are a key component of 
immune cells in the tumor microenvironment. There-
fore, we performed clustering analysis on NK cells 
(Supplementary Fig.  6A). The results showed that in 
the high histidine metabolism group, NK cell infiltra-
tion was significantly reduced (Supplementary Fig. 6B), 
and NK cell functions, including cell activation, cyto-
toxicity, and cytokine production, were weakened. 
Additionally, NK cell-mediated immune responses 
were downregulated (Supplementary Fig.  6C). This 
further supports our hypothesis that histidine metab-
olism reshapes the immune microenvironment by 
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inhibiting the functions of various immune cells, 
thereby promoting tumor progression.

Elevated histidine metabolism promotes tumor growth in 
mice by modulating the tumor microenvironment
To verify whether elevated histidine metabolism 
affects tumor growth in vivo, we established a sub-
cutaneous liver tumor model in mice. By providing 
additional dietary histidine, we constructed a high his-
tidine metabolism model (Fig.  4A). Tumor measure-
ments showed that the tumor proliferation rate in the 
high histidine treatment group was significantly faster, 
with noticeably larger tumor volumes (Fig. 4B-D).

Flow cytometric analysis of cells extracted from the 
subcutaneous tumor tissue revealed that the propor-
tion of CD45 + immune cells infiltrating the tumors in 
the high histidine treatment group was significantly 
reduced (Fig. 4E).

Notably, the fraction of CD11b⁺F4/80⁺ macrophages 
as well as CD11b⁺F4/80⁻ cells increased (Fig.  4F). 
However, among macrophages, only the non-anti-
tumor CD80⁺CD86⁺ (M1 phenotype) subset signifi-
cantly expanded in the high histidine–treated tumors, 
whereas CD163⁺CD206⁺ (M2 phenotype) macro-
phages with antitumor characteristics showed a slight 
decrease (Fig.  4G, Supplementary Fig.  7A). Addi-
tionally, the proportion and fluorescence intensity 
of TNFα⁺ macrophages rose, as did PD-L1⁺ fluores-
cence intensity, indicating weakened antitumor activ-
ity. Macrophages expressing the antigen presentation 
molecules I-A/I-B⁺ and H2Kb⁺ showed reduced fluo-
rescence intensity, especially in the H2Kb⁺ subset, sug-
gesting compromised antigen presentation (Fig.  4G, 
Supplementary Fig. 7B, C).

In lymphocytes, the proportions of infiltrating 
CD4 + T cells and CD8 + T cells in the tumors of the 
high histidine treatment group were significantly 
reduced (Fig.  4H, Supplementary Fig.  7D). We fur-
ther assessed CD4⁺ and CD8⁺ T-cell function: both 
subtypes exhibited decreased frequencies of activated 
(CD69⁺) T cells, and their mean fluorescence intensity 
for CD69 also declined, indicating reduced activation. 
The proportion of cytotoxic (GZMB⁺, TNFα⁺, IFNγ⁺) 

T cells dropped notably, along with decreased mean 
fluorescence intensities for these markers, signifying 
compromised T-cell killing activity. Meanwhile, PD1⁺ 
T cells were more abundant, and their mean fluores-
cence intensity for PD1 increased—both hallmark 
indicators of heightened T-cell exhaustion (Fig.  4I, 
Supplementary Fig.  7E). These in vivo experiments 
further confirm our earlier conclusion that elevated 
histidine metabolism promotes tumor progression 
by modulating the tumor microenvironment, inhibit-
ing immune cell infiltration, and impairing immune 
function.

Given the potential differences between the immune 
microenvironment of subcutaneous tumors and liver 
tumors, we established a liver orthotopic tumor model 
in mice. Again, additional dietary histidine was used 
to induce a high histidine metabolism state. Consis-
tent with previous findings, tumors in the high his-
tidine treatment group exhibited significantly faster 
proliferation, resulting in noticeably larger tumor vol-
umes (Fig.  4J, K). There was no significant change in 
the body weight of the mice (Supplementary Fig. 8A). 
Histological analysis using HE staining and immu-
nohistochemistry revealed that histidine treatment 
did not affect the proliferation of tumor cells in liver 
orthotopic tumors (Fig. 4L, Supplementary Fig. 8B, C). 
Immunofluorescence analysis indicated that, in the 
high histidine treatment group, infiltration of CD8 + T 
cell into the tumors was reduced, while the number 
of PD1 + T cells increased, leading to elevated T cell 
exhaustion. Additionally, the number of GZMB + T 
cells decreased, further suggesting impaired antitu-
mor functionality (Fig.  4M, Supplementary Fig.  8D). 
Similarly, macrophage infiltration was decreased in 
the high histidine treatment group. Specifically, the 
infiltration of CD86 + M1 macrophages was reduced, 
H2D1 expression was downregulated, and macrophage 
antitumor function was impaired (Fig. 4N, Supplemen-
tary Fig.  8E). The liver orthotopic tumor experiment 
further demonstrated that histidine metabolism pro-
motes tumor growth not by directly affecting tumor 
cell proliferation, but by suppressing immune cell infil-
tration and function.

(See figure on previous page.)
Fig. 2  High Histidine Metabolism Suppresses the Antitumor Function of Macrophages. (A) t-SNE plot displaying macrophages clustered into 16 distinct 
cell clusters via dimensional reduction. (B) Annotation based on marker gene expression classified macrophages into six subpopulations: IFN-ISG15 + mac-
rophages, HSP-HSP + macrophages, LA-APO + macrophages, Angio-VCAN + macrophages, RTM-MARCO + macrophages, and Inflam-AREG + macro-
phages. (C) Bubble chart displaying the expression of marker genes in each macrophage subpopulation. (D) t-SNE plot dividing macrophages into two 
groups based on histidine metabolism levels: high histidine metabolism group(left) and low histidine metabolism group(right). (E) Bubble chart of KEGG 
enrichment results indicating how histidine metabolism affects macrophage function. (F) Bubble chart of GO enrichment results illustrating the influence 
of histidine metabolism on macrophage function. (G) Heatmap of intercellular communication intensities for signaling axes such as ADGRE5, ANNEXIN, 
EGF, CLEC, CALCR, and CXCL across the high and low histidine metabolism groups. (H) Bubble chart (GSEA) of functional pathway enrichment in macro-
phage subpopulations in high vs. low histidine metabolism conditions. (I) Representative flow cytometry pseudocolor plots showing the polarization of 
THP-1–derived M0 macrophages after treatment with varying concentrations of histidine. The right panel shows the quantification. Error bars represent 
the SD from five independent experiments, *P < 0.05, ***P < 0.001
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Overall, These findings further validated the conclu-
sions from single-cell sequencing data analysis, as well 
as both in vivo and in vitro experiments, indicating 
that elevated histidine metabolism promotes tumor 
progression by modulating the tumor microenviron-
ment, inhibiting immune cell infiltration and function.

Construction of a prognostic model for hepatocellular 
carcinoma based on elevated histidine metabolism
To construct a prognostic model for HCC related to 
histidine metabolism, we first analyzed the relation-
ship between histidine metabolism-related genes and 
the clinical survival of HCC patients using the TCGA 
database. Eight genes were found to be significantly 
correlated with patient survival, with four identified 
as risk factors (Fig.  5A, B, Supplementary Fig.  9A). 
Next, we constructed a lasso prognostic model that 
incorporated seven genes (Fig. 5C). By combining the 
lasso prognostic model with survival correlation analy-
sis, we identified two genes, AOC1 and BUD23, which 
influence HCC prognosis through histidine metabo-
lism (Fig.  5D). We further analyzed the relationship 
between these two genes and clinical HCC features 
and found that BUD23 expression was correlated with 
tumor status, pathological T stage, pathological stage, 
and histological grade (Fig.  5E), and was negatively 
correlated with the infiltration of various immune cells 
(Fig.  5F, Supplementary Fig.  9C). By contrast, AOC1 
expression showed no significant effect on tumor sta-
tus or stage (Supplementary Fig.  9B), though it was 
positively correlated with infiltration by immunosup-
pressive cell populations (Fig.  5G, Supplementary 
Fig. 9C).

We constructed siRNAs targeting AOC1 or BUD23 
to silence these genes in tumor cells (Supplementary 
Fig. 9D, E), and assessed the impact of these two genes 
on the metabolism of hepatocellular carcinoma cells 
using Seahorse experiments. After AOC1 interference, 
ATP-linked respiration decreased, non-mitochondrial 
oxygen consumption increased, while the glycolytic 
rate showed no significant change. After BUD23 inter-
ference, ATP-linked respiration also decreased, non-
mitochondrial oxygen consumption decreased, and 

the glycolytic rate was significantly reduced (Fig. 5H, I, 
Supplementary Fig. 9F, G).

We further co-cultured the cells with THP-1–
derived M0 macrophages and human peripheral blood 
lymphocytes after gene interference. Flow cytom-
etry was used to evaluate T-cell function and macro-
phage polarization. In lymphocytes, BUD23 silencing 
increased the proportion of CD4⁺ and CD8⁺ T cells 
(Fig.  5J). The fraction of activated CD69⁺ T cells and 
the mean fluorescence intensity of CD69 in both 
CD4⁺ and CD8⁺ T-cell populations rose, reflecting 
heightened T-cell activation. PD1⁺ T-cell frequency 
decreased, with lower mean fluorescence intensity for 
PD1, indicating reduced T-cell exhaustion (Fig.  5K). 
Macrophages shifted more toward the M1 phenotype, 
while the proportion of tumor-promoting CD163⁺ M2 
macrophages declined, resulting in a reduced M2/M1 
ratio. Conversely, silencing AOC1 had no discernible 
impact on T-cell function or macrophage polariza-
tion (Fig.  5L). These findings suggest that histidine 
metabolism primarily exerts its immunomodulatory 
effects through changes in glycolytic rate mediated by 
BUD23, making it a potential biomarker for predicting 
immunotherapy outcomes and a promising therapeu-
tic target.

Additionally, we compared patients with high vs. low 
histidine metabolism in TCGA to identify differentially 
expressed genes, which were then used to build a prog-
nostic model via multivariate Cox regression (Table 1). 
The findings revealed that patients classified in the 
high-risk group had notably shorter survival times 
and higher mortality rates (Supplementary Fig.  9H). 
Survival curves further confirmed that the high-risk 
group exhibited significantly worse outcomes than the 
low-risk group (Supplementary Fig.  9I). Performance 
evaluation of the model showed AUC values of 0.83 
(overall prediction), 0.838 (3-year), and 0.841 (5-year) 
(Supplementary Fig.  9J, K), indicating strong predic-
tive power for patient survival risk. Overall, patients in 
the high-risk group had a poorer prognosis, suggesting 
that gene alterations associated with histidine metabo-
lism could be a critical factor influencing survival.

(See figure on previous page.)
Fig. 3  High Histidine Metabolism Suppresses the Antitumor Function of T Cells. (A) t-SNE plot displaying T cells clustered into 12 distinct cell clusters via 
dimensional reduction. (B) Annotation based on marker gene expression classified T cells into five subpopulations: Tem-GZMA + cells, Tn-CCR7 + cells, 
HSP-T-HSP + cells, Treg-Ctla4 + cells, and Trm-CD69 + cells. (C) t-SNE plot dividing T cells into two groups based on histidine metabolism levels: high 
histidine metabolism group(left) and low histidine metabolism group(right). (D) Proportions of T cell subpopulations within the high and low histidine 
metabolism level groups. (E) Heatmap showing intercellular communication intensities mediated by various signaling axes among different T-cell sub-
populations. (F) Heatmap illustrating CLEC, MIF, SPP1, PARs, MHC-II, and VTN signaling intensities in the high and low histidine metabolism groups. (G) 
Bubble chart of GSEA outcomes for T-cell subpopulations in high vs. low histidine metabolism conditions. (H) Bubble chart of GO enrichment analysis 
showing how histidine metabolism affects T-cell function. (I) Representative flow cytometry gating strategies for mouse splenic lymphocytes and their 
differentiation, activation, and exhaustion status under different histidine concentrations. (K) The bar chart displays the differentiation, activation, and 
exhaustion of CD4 + T cells (upper) and CD8 + T cells (lower) after co-culture with different concentrations of histidine treatment. Error bars represent the 
SD from five independent experiments, *P < 0.05, **P < 0.01, ***P < 0.001
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In summary, through single-cell sequencing data, 
TCGA data mining, along with both in vivo and in 
vitro experiments, we demonstrate that histidine 
metabolism reprograms tumor cell metabolism in 
HCC and reshapes the immune microenvironment—
suppressing immune cell infiltration and modulating 
immune cell function—to drive tumor progression and 
impact patient prognosis. The expression of the his-
tidine metabolism-related gene BUD23 is correlated 
with clinical stage, prognosis, and immune cell infil-
tration, and immune function, suggesting that BUD23 
may serve as both a clinical biomarker for immuno-
therapy efficacy and a potential therapeutic target.

Discussion
This study, integrating single-cell sequencing data with 
in vivo and in vitro experiments, systematically unveils 
the pivotal regulatory role of histidine metabolism in 
the immune microenvironment of hepatocellular car-
cinoma (HCC). Our results indicate that high histidine 
metabolism not only reprograms metabolic pathways 
within tumor cells and stromal cells but also inhibits 
immune cell infiltration and function by affecting the 
communication between tumor cells, stromal cells, 
and immune cells, thereby promoting tumor progres-
sion. Furthermore, the histidine metabolism–related 
gene BUD23 has been identified as a potential prog-
nostic marker and therapeutic target, broadening the 
mechanistic understanding of histidine metabolism in 
tumor biology.

Previous research has primarily focused on meta-
bolic pathways involving glutamine and glucose and 
their effects on tumor immune evasion, while the 
role of histidine metabolism in HCC remains less 
explored [39]. By linking histidine metabolism to the 
HCC immune microenvironment, this study reveals 
a novel mechanism wherein metabolic reprogram-
ming modulates immune cell function via intercellular 
communication networks. Specifically, high histidine 
metabolism, through tumor cell metabolic reprogram-
ming and the downregulation of multiple intercellular 
signaling axes (e.g., MIF, CLEC, MHCII, SPP1), sup-
presses the antitumor activities of macrophages and 
T cells, thereby facilitating an immunosuppressive 
tumor microenvironment. This finding deepens our 

understanding of the interplay between metabolism 
and tumor immunity and supports the concept that 
metabolic reprogramming is a critical component of 
immune evasion.

Previous studies have shown that the histidine 
metabolite histamine regulates immune responses in 
the tumor microenvironment through different recep-
tors [10, 14]. Consistent with these findings, our study 
confirms the inhibitory effect of histidine metabolism 
on immune cell function. Additionally, prior research 
has indicated that alterations in the expression of cer-
tain histidine metabolism-related products or enzymes 
in tumors may regulate metabolic reprogramming, 
thereby influencing tumorigenesis and progression 
[16, 40, 41]. However, unlike studies focusing solely 
on tumor cell proliferation or apoptosis, our study 
shows that histidine metabolism does not significantly 
alter intrinsic tumor proliferation, instead, it promotes 
tumor progression largely by immune suppression and 
microenvironmental remodeling. This discrepancy 
underlines that metabolic processes are not merely 
enhancing tumor cell proliferation but can also exert 
broader effects on immune cell function and immune–
stromal interactions [42]. Monitoring and intervening 
in the dynamic interplay between tumor metabolism 
and immune function may hold greater therapeutic 
potential than merely inhibiting tumor proliferation.

The results of this study have significant clinical 
implications. First, the global regulation of the tumor 
immune microenvironment by histidine metabolism 
and its products presents potential targets for devel-
oping novel immunotherapy strategies. Specifically, 
intervening in histidine metabolic pathways may effec-
tively enhance immune cell infiltration into tumors and 
improve their antitumor functions, thereby enhancing 
the efficacy of immunotherapy. Additionally, as his-
tidine is an essential amino acid for the human body, 
interventions targeting its metabolic pathways through 
dietary intake could regulate metabolic reprogram-
ming [43], providing an adjunctive strategy for liver 
cancer immunotherapy. The identification of the 
BUD23 gene provides new evidence for a molecular 
biomarker of prognosis in liver cancer patients. It can 
be used to guide personalized treatment strategies and 

(See figure on previous page.)
Fig. 4  High Histidine Metabolism Promotes Tumor Growth in Mice by Regulating the Tumor Microenvironment. (A) Schematic of the mouse subcutane-
ous HCC model. (B) Measurement of subcutaneous tumor size in the control and histidine-treated groups. (C) Quantitative analysis of tumor sizes from(B). 
(D) Tumor growth curves in mice from the control and histidine treatment groups. (E–I) Flow cytometric analysis of immune cell infiltration in subcutane-
ous tumors: (E) CD45⁺ cells, (F) CD11b⁺F4/80⁺ macrophages, (G) polarization of macrophages into M1 and M2, and expression levels of TNFα, IFNγ, I-A/I-B, 
and H2Kb, (H) differentiation of CD4 + T cells and CD8 + T cells, (I) expression levels of CD69, GZMB, TNFα, IFNγ, and PD-1 in T cells. Error bars represent the 
SD from five independent experiments, ns, not significant, *P < 0.05, ***P < 0.001. (J) Imaging of orthotopic liver tumor in mice from the control and the 
histidine treatment group. (K) Measurement of orthotopic liver tumor sizes in mice from the control and the histidine treatment group. (L) Representative 
Ki67 immunohistochemistry quantification. Ten fields per sample (n = 30). Error bars show mean ± SD, ns, not significant. (M, N) Representative immuno-
fluorescence images and quantification. Scale bar = 100 μm
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serve as a predictive indicator of the effectiveness of 
immunotherapy.

Despite using multiple approaches to confirm the 
role of histidine metabolism in hepatocellular carci-
noma (HCC), this study has some limitations. First, 
single-cell sequencing data were predominantly 
sourced from public repositories (e.g., GEO, TCGA), 
meaning the sample sizes and patient popula-
tions—including racial backgrounds—were relatively 
restricted. Large-scale, multicenter cohorts would be 
needed to validate the generalizability of these find-
ings and enhance their clinical translational value. 
Although mouse subcutaneous and orthotopic liver 
cancer models partially recapitulate aspects of the 
HCC microenvironment, they still differ from human 
liver anatomy and immune characteristics. Future 
work employing organoid systems or humanized 
mouse models may better approximate the actual 
pathophysiological conditions. Additionally, the lack 
of transgenic mouse models, such as BUD23 knock-
out mice, limits the ability to confirm the specific role 
of BUD23 in liver cancer progression in vivo. Using a 
transgenic model could provide a more specific and 
direct understanding of the mechanistic pathways reg-
ulated by BUD23 and its influence on tumor growth 
and immune regulation. Second, histidine metabo-
lism does not operate in isolation. Rather, it intersects 
with other pathways, including amino acid, glycolytic, 
and fatty acid metabolism. While this study provides 
preliminary evidence linking histidine metabolism 
to tumor cell energy metabolism, the exact mecha-
nisms by which these metabolic processes shift and 

collectively drive tumor growth remain incompletely 
understood. Furthermore, BUD23 has emerged as a 
key gene related to prognosis and immune microenvi-
ronment regulation in HCC, yet its specific signaling 
pathways await detailed exploration. For example, it 
remains uncertain whether BUD23 intersects common 
immune regulatory pathways such as mTOR, NF-κB, or 
MAPK, and whether it carries potential as a therapeu-
tic target. Clinical confirmation of BUD23 expression 
and its correlation with immunotherapy responses will 
help determine its clinical utility as a molecular bio-
marker. Finally, although this study reveals the impact 
of histidine metabolism on immune cell functionality, 
the precise regulatory mechanisms underlying tumor 
progression require additional investigation, especially 
regarding the feasibility of pharmacologically targeting 
these mechanisms.

This study provides a new perspective on the critical 
role of histidine metabolism in shaping the immune 
microenvironment of hepatocellular carcinoma (HCC) 
and reveals the mechanism by which it promotes 
tumor progression through metabolic reprogram-
ming, impacting the functions of macrophages and 
T cells. These findings offer new potential targets for 
future liver cancer treatment strategies, particularly 
in the context of immunotherapy, and lay a theoreti-
cal foundation for personalized treatment and progno-
sis evaluation of liver cancer patients. Future research 
should further explore additional functions of histidine 
metabolism and its role in other cancer types, with the 
aim of achieving broader clinical applications.

(See figure on previous page.)
Fig. 5  Construction of a Prognostic Model for Hepatocellular Carcinoma Based on High Histidine Metabolism. (A) Forest plot displaying the associa-
tion between histidine metabolism-related genes and the survival of liver cancer patients. (B) Kaplan-Meier survival curves for patients with histidine 
metabolism-related gene expression, analyzed using TCGA data. (C) Construction of a lasso prognostic model using histidine metabolism-related genes. 
(D) Venn diagram displaying genes included in both the lasso prognostic model and those associated with the survival of liver cancer patients. (E) TCGA 
data analysis of BUD23 gene expression and its association with tumor status, pathological T stage, pathological stage, and histological grade in liver 
cancer patients. (F) Correlation of BUD23 expression with infiltration of various immune cell types in TCGA data. (G) Correlation of AOC1 expression with 
infiltration of various immune cell types in TCGA data. (H) Seahorse analysis of the impact of BUD23 and AOC1 expression on oxygen consumption rate 
(OCR). (I) Seahorse analysis of the impact of BUD23 and AOC1 expression on glycolytic rate (glycoPER). (K) Flow cytometry assessing the effects of BUD23 
or AOC1 knockdown on T-cells differentiation: CD3⁺CD4⁺ T cells (upper), CD3⁺CD8⁺ T cells (lower). (L) Flow cytometry assessing the effects of BUD23 or 
AOC1 knockdown on T-cells function: CD69 expression (upper), PD-1 expression (lower). (L) Flow cytometry examining macrophage polarization follow-
ing BUD23 or AOC1 knockdown. Error bars represent the SD of three or five independent experiments, ns, not significant, ***P < 0.001
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Table 1  Multivariate cox regre
id coef HR HR.95L HR.95H pvalue
PKIB -0.84195 0.430871 0.25416 0.730445 0.00177
ADH4 -0.38965 0.677291 0.420615 1.090601 0.108904
ENO2 -2.19664 0.111176 0.046879 0.263658 6.17E-07
GAGE4 -0.45822 0.632407 0.427316 0.935931 0.021962
TRNP1 0.747976 2.112719 1.068206 4.178577 0.031588
NKX3-2 0.197226 1.218019 0.960558 1.544488 0.103561
GAGE2D 0.820159 2.270861 1.554614 3.3171 2.21E-05
KCTD17 1.071959 2.921095 1.250961 6.820995 0.013232
G6PC 0.897332 2.453049 0.879041 6.845472 0.086576
FTCD -1.19708 0.302075 0.177086 0.515283 1.12E-05
EPO 0.783374 2.188845 1.699767 2.818647 1.27E-09
MMP7 0.312523 1.366869 1.070147 1.745864 0.012317
SMOX 1.234923 3.438114 1.173919 10.06937 0.024295
MMP1 0.367296 1.443825 1.085175 1.921011 0.011702
LECT2 -0.45474 0.63461 0.424261 0.949251 0.026865
TDRD5 -0.26537 0.766922 0.609749 0.964608 0.023334
ALDH5A1 4.264317 71.11632 5.992486 843.9787 0.000729
LRP2 0.238742 1.269651 1.048714 1.537134 0.014381
NR0B1 0.25117 1.285529 1.054138 1.56771 0.013113
FBXO41 0.77419 2.168834 1.195532 3.934518 0.010845
OGDHL -0.78104 0.457931 0.290476 0.721922 0.000771
SPP1 1.117485 3.057155 1.610613 5.802884 0.000632
SGPP2 -0.22623 0.797535 0.616352 1.03198 0.085332
MMP10 -0.2099 0.810665 0.630859 1.04172 0.100898
HULC -0.66471 0.514421 0.272077 0.972623 0.040817
EGLN3 0.508033 1.662018 0.971234 2.844117 0.063814
TCP10L -0.32064 0.725686 0.496171 1.061369 0.098345
TMPRSS6 -1.12052 0.326112 0.111807 0.951184 0.040209
SOX11 0.373482 1.452784 1.1308 1.86645 0.003483
TRIM55 -0.21634 0.805464 0.641619 1.011148 0.062263
HMGCS2 -2.23533 0.106957 0.028939 0.395306 0.000804
HPX 1.834683 6.263149 1.030005 38.08432 0.046364
PLIN5 -1.91668 0.147095 0.036844 0.587263 0.006657
RNF24 -1.84599 0.157869 0.046048 0.541224 0.003318
RBP4 2.922583 18.58925 1.830195 188.8105 0.013474
TMC5 -0.37322 0.688517 0.515445 0.919701 0.011515
CYP2C9 0.746216 2.109004 0.986021 4.510959 0.054396
F11 0.860832 2.365127 0.948068 5.900241 0.064947
CYP17A1 -0.31915 0.726765 0.559371 0.944252 0.016875
PCLO 0.239566 1.270698 1.015112 1.590636 0.03654
RAMP1 -0.52326 0.592586 0.297851 1.178975 0.135998
SLC10A1 0.663109 1.940816 1.18829 3.169906 0.008069
ZPLD1 -0.27031 0.763143 0.619867 0.939535 0.010839
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