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Abstract: Carnosine dipeptidase 1 (CNDP1), an enzyme
integral to the hydrolysis of dipeptides containing histi-
dine, plays an indispensable role in myriad physiological
processes, including hydrolysis of proteins, maturation of
specific biochemical functionalities within proteins, tissue
regeneration, and regulation of cell cycle. However, the
implications of CNDP1 in oncogenesis and its prognostic
value are not yet fully elucidated. Initially, we procured
the GSE40367 dataset from the Gene Expression Omnibus
and established a protein–protein interaction network.
Thereafter, we conducted functional and pathway enrich-
ment analyses utilizing GO, KEGG, and GSEA. Moreover, we
undertook an association analysis concerning the expres-
sion of CNDP1 with immune infiltration, along with sur-

vival analysis across various cancers and specifically in
hepatocellular carcinoma (HCC). Our study uncovered a
total of 2,248 differentially expressed genes, with a down-reg-
ulation of CNDP1 in HCC and other cancers. Our explorations
into the relationship between CNDP1 and immune infiltration
disclosed a negative correlation between CNDP1 expression
and the presence of immune cells in HCC. Survival analyses
revealed that diminished expression of CNDP1 correlates with
an adverse prognosis in HCC and several other types of cancer.
These observations intimate that CNDP1 holds promise as a
novel prognostic biomarker for both pan-cancer and HCC.

Keywords: carnosine dipeptidase 1, GEO, pan-cancer, hepa-
tocellular carcinoma, prognosis, biomarker

1 Introduction

According to the most recent data from the World Health
Organization (WHO), approximately 1,996 million new cancer
cases were recorded globally in 2022, underscoring cancer’s
persistent status as a formidable public health challenge.
Notably, hepatocellular carcinoma (HCC) is ranked as the
eighth most common cancer worldwide and emerges as the
third leading cause of cancer-related mortality [1]. Given
the complex mechanisms of tumorigenesis, it is imperative
to undertake a thorough investigation of gene expression
across diverse cancer types to discern their correlation with
clinical outcomes and the underlying molecular mechanisms.
Surgical resection and liver transplantation represent thera-
peutic strategies aimed at curing HCC [2]. Despite these inter-
ventions, a considerable proportion of individuals diagnosed
with HCC encounter the recurrence of the tumor within a
5-year timeframe [3]. Consequently, there is an urgent need
to develop innovative prognostic assessment tools to better
predict the clinical outlook of individuals diagnosed with HCC
and across various cancers. The establishment of a prognostic
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model to predict survival probabilities and stratify patient
outcomes is of paramount importance.

Numerous biomarkers, including alpha-fetoprotein (AFP),
AFP-L3, and DCP; as well as GPC3, HSP70, and SCCA, have been
extensively explored as potential indicators for the diagnosis
and prognosis of HCC [4–7]. Additionally, a plethora of mole-
cular mechanisms are implicated in the onset and advance-
ment of HCC, involving mutations in genes like TP53, CTNNB1,
and AXIN1, and the disruption of signaling pathways including
the Wnt/β-catenin pathway and the PI3K/AKT/mTOR pathway
[8–10]. A deeper comprehension of these molecular dynamics
is instrumental in forging pathways toward the creation of
targeted treatments for HCC.

Carnosine dipeptidase 1 (CNDP1) is a gene responsible
for encoding proteins, situated on chromosome 18q22.3.
The resultant protein, CNDP1, with a molecular weight of
56.8 kDa, is predominantly expressed in cerebral tissues and
constitutes a homodimeric dipeptidase, recognized as human
carnosinase [11]. The gene features a trinucleotide (CTG)
repeat length polymorphism within its coding sequence [12].
CNDP1 functions both as a secreted and intracellular entity,
localized externally to cell membranes [11].

Recent findings indicate that CNDP1 is a molecule con-
spicuously downregulated in various cancer forms, including
HCC. As a proteolytic enzyme, it specializes in cleaving histi-
dine-containing dipeptides and is integral to numerous phy-
siological functions, including protein degradation, matura-
tion of specific proteins, tissue restoration, and cellular cycle
regulation [13].

Previous studies have noted certain correlations between
CNDP1 and specific cancer types [14–17]. However, these cor-
relations have not been definitively established across all
forms of cancer. The link between CNDP1 and cancer seems
not to be universally applicable, but rather appears to be
contingent upon a variety of factors, including the type of
tumor, its developmental stage, and individual patient varia-
tions. Consequently, it is essential that we conduct an exhaus-
tive investigation into the role and efficacy of CNDP1 in a
pan-cancer context. Only through such a meticulous
approach can we accurately determine whether CNDP1 pre-
sents a viable new target for cancer therapy, thus offering
renewed hope to those afflicted by this disease.

In this study, we scrutinized GSE40367 dataset acquired
from Gene Expression Omnibus (GEO). We identified preva-
lent differentially expressed genes (DEGs) within the dataset
and executed protein–protein interaction (PPI), as well as
functional and pathway enrichment analyses. Remarkably,
CNDP1 was discerned as one of the top three genes with
down-regulated expression, showing significant differential
alterations, yet its association with HCC had not been docu-
mented in previous research. Consequently, CNDP1 was

designated as the focal gene for this study. Our results
suggest that the expression of CNDP1 is intricately con-
nected to the immune response and holds considerable
promise as a valuable prognostic biomarker for various
malignancies, including HCC.

2 Materials and methods

2.1 Patients of study

Between October 2021 and June 2022, a cohort of 75 patients
diagnosed with HCC was enrolled at the Fifth Medical
Center of Chinese PLA General Hospital. The diagnosis
adhered to the 2019 WHO classification guidelines for
digestive system tumors [18], and were corroborated by
two independent pathologists.

2.2 Expression profile dataset selection

Datasets pertinent to mRNA associated with HCC were
meticulously selected through an exhaustive search of
the publicly available GEO dataset portal on NCBI (https://
www.ncbi.nlm.nih.gov/geo/), using the search terms “HCC”
and “Homo sapiens.”Within the array of datasets, GSE40367,
contributed by Roessler et al., was pinpointed. This parti-
cular dataset comprises 61 samples, encompassing colon
adenocarcinoma, liver hemangioma, HCC, cholangiocarci-
nomas, and angiosarcoma. For our analysis, we selected
five liver hemangioma samples to serve as normal liver con-
trols alongside 32 HCC samples. The GSE40367 dataset is pre-
dicated on the GPL570 platform, employing the Affymetrix
Human Genome U133 Plus 2.0 Array [19].

2.3 DEGs identification

Using the limma software package, we conducted an ana-
lysis on datasetGSE40367 to identify DEGs. The metho-
dology incorporated adjusted P (adj.P) alongside the
Benjamini and Hochberg false discovery rate, thus
ensuring a meticulous balance between the identifica-
tion of statistically significant genes and the mitigation
of false positives. Probe sets devoid of gene symbols, or those
corresponding to multiple gene symbols, were either
excluded or consolidated, respectively. DEGs were ascer-
tained using a threshold of |log2FC| >1.0 and adj.P < 0.05,
signifying a minimum two-fold change in expression
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levels between the compared groups, a robust indicator of
significant differential expression unlikely to be attribu-
table to mere chance.

2.4 PPI network construction

To elucidate the gene connections, the DEGs were incorpo-
rated into the Search Tool for the Retrieval of Interacting
Genes [STRING (version 12.0)] online platform (http://
string-db.org) to construct the PPI network, adhering to
stringent criteria (minimum requisite interaction score:
highest confidence 0.900, k-means clustering: number of
clusters 3). In this study, STRING facilitated the analysis of
the PPI of DEGs among the top 100 in differential expres-
sion magnitude. Following this, leveraging the interaction
data, the network was crafted and depicted using
Cytoscape software (version 3.9.1). A roster of protein
intermediaries was procured and subsequently,
Cytoscape was employed to delineate and scrutinize PPI
networks, considering an interaction score of no less than
0.4 as significant. The PPI network was delineated by fil-
tering pivotal protein expression molecules via the
Minimal Common Oncology Data Elements of Cytoscape
plug-in. Additionally, the CytoNCA plug-in, adopting a
centrality-focused methodology, was utilized to identify
hub genes within the PPI networks. All targets were meth-
odically arranged into circles, with a high centrality value
denoting a paramount role within the network.

2.5 Functional and pathway enrichment
analysis

DEGs were analyzed for Gene Ontology (GO) and Kyoto
Encyclopedia of Genes and Genomes (KEGG) pathway enrich-
ments using the clusterProfiler package in R, as facilitated by
the bioinformatics platform (https://www.bioinformatics.com.
cn) [20]. The GO enrichment analysis is divided into three
categories: biological processes (BP), cellular components
(CC), and molecular functions (MF). Additionally, gene set
enrichment analysis was performed utilizing the R packages
“clusterProfiler” and “GSVA,”with the selected gene set anno-
tated as (h.all.v7.2.symbols.gmt). The Normalized Enrichment
Score (NES) was determined following 1,000 permutations. A
gene set was deemed significantly enriched if it met the cri-
teria of |NES| > 1, P < 0.05, and a false discovery rate <0.25.
The results were elegantly visualized in a bubble plot created
with the “ggplot2” R package.

2.6 Analysis of CNDP1 expression

The Tumor Immune Estimation Resource 2.0 (TIMER2.0, http://
timer.cistrome.org/) leverages high-throughput sequencing
data to scrutinize immune cell infiltration within tumor
specimens, juxtaposing these findings with those from control
normal tissues. The Gene Expression Profilling Interactive
Analysis 2 (GEPIA2, http://gepia2.cancer-pku.cn/#index) inte-
grates cutting-edge cancer genomics data to facilitate efficient
data mining and dynamic examination of gene expression
profiles. Both TIMER2.0 and GEPIA2 were selected to investi-
gate the variances in CNDP1 expression across diverse can-
cers, including HCC.

2.7 Immunohistochemical staining

The differential protein expression levels of CNDP1 in HCC
and corresponding normal tissues were obtained from the
Human Protein Atlas (HPA, https://www.proteinatlas.org/),
encompassing both healthy and oncological tissue samples.
These extensive expression profiles are discernible through
the examination of tissue specimens.

2.8 Biochemical function, intracellular
distribution, and structural information
of CNDP1

The UniProt repository, an amalgamation of data from
several esteemed databases, furnishes exhaustive details
concerning the biochemical functionality, intracellular loca-
lization, and structural attributes of proteins. Utilizing the
terms “CNDP1” and “HUMAN,” we pinpointed the protein of
interest (Q96KN2 CNDP1 HUMAN). The protein annotation
information provided by UniProt, including function, sub-
cellular localization, and structure, is crucial for gaining a
deeper understanding of the biological function of CNDP1
and the potential mechanism of its action.

2.9 Association analysis of CNDP1 expression
with immune cell infiltration in HCC

Tumor-infiltrating lymphocytes have been recognized as
independent prognostic indicators for both the status of
sentinel lymph nodes and the overall survival rate in
cancer patients. The TIMER2.0 database was employed to
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ascertain the relationship between immune infiltration
and CNDP1 expression in HCC [21]. P < 0.05 was considered
statistically significant. After adjusting for tumor purity
using the Spearman correlation coefficient, a P < 0.05
and a Rho > 0 denoted a positive correlation, whereas a
P < 0.05 and a Rho < 0 indicated a negative correlation.

2.10 Gene mutation, immuno-infiltration,
and methylation analysis in pan-cancer

Utilizing the cBioPortal database (http://www.cbioportal.
org/) and the Gene Set Cancer Analysis platform (http://
bioinfo.life.hust.edu.cn/GSCA/#/), we conducted an in-depth
analysis of the expression of CNDP1, emphasizing variations in
gene copy number and methylation processes. The UALCAN
database (http://ualcan.path.uab.edu) was instrumental in pro-
viding data concerning DNA methylation levels within the
promoter of the CNDP1. For the examination of immune cor-
relations, we employed the sophisticated EPIC [22] and CIBE-
RSORT [23] algorithms to calculate the Spearman’s correlation
coefficient, delineating the relationship between CNDP1
expression and immune cell infiltration across various
tumors, depicted via a comprehensive heat map. Further-
more, we explored the association between CNDP1 expres-
sion and tumor mutational burden (TMB) within the TCGA
cohort, employing the “maftools” R package for analysis. The
correlation of CNDP1 expression with TMB across different
cancer types was meticulously assessed using the Spearman
method, with findings eloquently presented through both
heat map and radar map visualizations.

2.11 Prognostic analysis

In this study, we partitioned the survival data of distinct
cancers from the TCGA database into cohorts with high and
low CNDP1 expression based on median gene expression
levels. To ascertain the prognostic relevance of CNDP1 in
cancer, we conducted a Kaplan–Meier survival analysis. We
employed four clinical metrics – overall survival (OS), dis-
ease-free survival (DFS), disease-specific survival (DSS), pro-
gression-free interval (PFI), and disease-free interval (DFI)
– to explore the association between CNDP1 expression levels
and patient prognoses. Forest plots for Cox regression ana-
lysis were generated using the “forestplot” and “survival”
packages in R. We further investigated the correlation
between the variation in CNDP1 expression and the prognosis
of HCC patients across varying tumor microenvironments.
Hazard ratios with 95% confidence intervals (CI) were

calculated, along with log-rank P values. A threshold level
of P < 0.05 was considered statistically significant.

2.12 Laboratory and MRI as well as
histopathologic examination from our
own samples

All preoperative routine examination parameters, encom-
passing laboratory assessments and MRI, were meticu-
lously gathered from the electronic medical record system
of the hospital. The imaging diagnostic outcomes were
expertly analyzed by two distinguished senior radiologists,
whereas the histopathological assessments were performed
by two seasoned pathologists. Serum CNDP1 concentrations
were quantified employing an enzyme-linked immunosor-
bent assay (ELISA). For the purpose of measuring serum
CNDP1 levels, the ELISA Kit (EK1957, BOSTER, Wuhan,
China) was utilized.

2.13 Statistical analysis

To evaluate statistical significance, the expression levels of
CNDP1 in tumor versus normal tissues were compared
employing T-tests or Wilcoxon rank sum tests. The associa-
tion between variables was scrutinized using either
Spearman or Pearson correlation tests. The Kaplan–Meier
method, log-rank test, and Cox proportional hazards regres-
sion model facilitated the analysis of pan-cancer survival
rates. Both univariate and multivariate logistic regression
analyses were employed to construct a prognostic model
for HCC. Statistical significance was deemed established at
P < 0.05 for most analyses. The analytical procedures and
the creation of the nomogram were performed using SPSS,
version 21.0, and R, version 4.2.2.

Ethical approval: This study received ethical approval
from the Institutional Ethics Committee of the Fifth Medical
Center of Chinese PLA General Hospital.

3 Results

3.1 Identification of DEGs in GSE40367 and
PPI network construction of DEGs

We conducted an exhaustive analysis of GEO datasets per-
taining to patients diagnosed with HCC. Consequently,
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GSE40367 was identified as the dataset of choice. The infor-
mation of the samples contained within this dataset facili-
tated the identification of DEGs (healthy controls [5 sam-
ples] versus HCC patients [32 samples]). Employing the
limma package, we discerned 1,121 upregulated and 1,127
downregulated DEGs in GSE40367 following Log2 transfor-
mation (Figure 1a–c). The top 20 genes exhibiting signifi-
cant variations are enumerated in Table 1.

Within the constructed PPI network, which comprised
97 nodes linked by 505 edges, a significant enrichment was
observed (P < 1.0 × 10−16) (Figure 1d). The network visuali-
zation was facilitated using Cytoscape software (Figure 1e).
Employing the median center algorithm, we identified 16
genes of paramount importance, suggesting their potential
as pivotal genetic determinants: MT1E, CYP3A4, ESR1, FOS,
MT1H, FOXM1, NDC80, BCHE, CLEC4M, BHMT, SLCO1B3,
CYP26A1, CDK1, FNC3, GPC3, and PCK1.

3.2 Functional and pathway enrichment
analysis

To elucidate the roles of DEGs in GSE40367, we conducted a
GO enrichment analysis. The findings revealed that the BP
predominantly encompass the catabolism of small mole-
cules, organelle fission, chromosome segregation, nuclear
division, and the metabolic processing of fatty acids. CC
functionswere primarily associatedwith chromosomal regions,
condensed chromosomes, spindles, chromosomes, centromeric
regions, cytoplasmic vesicle lumens, and vesicle lumens. MF
categories notably included activities including monooxy-
genase, oxidoreductase acting on paired donors with the
incorporation or reduction ofmolecular oxygen, heme binding,
lyase activity, and iron ion binding (Figure 2a–c).

Subsequent to our analysis, the KEGG enrichment yielded
the following insights: cell cycle, fatty acid degradation, drug

Figure 1: Transcriptome analysis of GSE40367 microarray. (a) UMAP score plot of HCC group and normal liver tissue in GSE40367. (b) Volcano plot of
DEGs in GSE40367. Red dots indicate high-expressed genes, blue dots indicate low-expressed genes, and gray dots indicate genes that are
undifferentially expressed according to P < 0.05 and |log2FC| > 1.0. (c) Heatmap of DEGs shows hierarchical cluster analysis of gene transcriptional
changes in two groups. HCC, hepatocellular carcinoma; NLT, normal liver tissue. (d) PPI network of top 50 up-regulated targets and the top 50 down-
regulated targets according to the STRING database. The network’s nodes symbolize proteins, the edges represent protein–protein associations. (e)
The protein interaction network derived from the PPI analysis using the cytoNCA plugin in Cytoscape, features circular shapes representing the
proteins and lines delineating the interactions between them.
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metabolism via cytochrome P450, tryptophan metabolism,
chemical carcinogenesis through DNA adducts, tyrosine meta-
bolism, pyruvate metabolism, metabolism of xenobiotics by
cytochrome P450, drug metabolism by other enzymes, and
DNA replication (Figure 2d–f).

Furthermore, we investigated potential signaling path-
ways through which aberrant CNDP1 expression influences
functional states across 33 distinct cancer types via GSEA.
We noted a marked enrichment in several signaling path-
ways, including epithelial–mesenchymal transition, G2/M
checkpoint, xenobiotic metabolism, and immune-related
pathways such as IFN-α response, IFN-γ response, and
TNFα signaling via NFκB. Additionally, the predominant
pathways associated with GSEA enrichment encompass
biological oxidations, phase I functionalization of com-
pounds, and various cell cycle processes like checkpoints
and mitotic events (Figure 2g–i). The GO–KEGG analysis
results for DEGs in GSE40367 and the CNDP1 gene set
enrichment are concisely presented in Table 2.

3.3 Expression analysis of CNDP1

We explored CNDP1 expression levels across diverse cancer
types (Figure 3a–d). Utilizing the Kruskal–Wallis test, we
assessed the variance in CNDP1 expression among different
normal tissues. Data from TIMER2.0 reveal that in

cholangiocarcinoma (CHOL), glioblastoma multiforme
(GBM), head and neck squamous cell carcinoma (HNSC),
kidney chromophobe (KICH), kidney renal clear cell carci-
noma (KIRC), kidney renal papillary cell carcinoma (KIRP), liver
hepatocellular carcinoma (LIHC), lung adenocarcinoma (LUAD),
lung squamous cell carcinoma (LUSC), pheochromocytoma and
paraganglioma (PCPG), prostate adenocarcinoma (PRAD), skin
cutaneous melanoma (SKCM), thyroid carcinoma (THCA), and
uterine corpus endometrial carcinoma (UCEC), the CNDP1
expression levels in tumor tissues were significantly lower
than those in the corresponding normal tissues. This analysis
underscores a prevalent pattern of diminished CNDP1 expres-
sion in solid tumors compared to normal counterparts.

We conducted an in-depth analysis concerning the
expression of CNDP1 in HCC (LIHC) and different stages of
HCC progression. Our findings disclosed a marked diminu-
tion in the expression levels of CNDP1 across 369 HCC speci-
mens compared to 160 normal hepatic tissues (Figure 3f).
Furthermore, it was observed that the expression of CNDP1
was preeminent during clinical stage I, diminished pro-
foundly by clinical stage IV, and exhibited intermediate
levels in clinical stages II and III (Figure 3e). The HPA data-
base, an amalgamation of proteomic, transcriptomic, and
systems biology data, corroborates these findings, indicating
a reduced expression of CNDP1 protein in HCC relative to
normal liver tissue (Figure 3g and h).

Table 1: Top 20 genes with different changes

ID_REF Gene symbol AveExpr P value Adj.P Val logFC

1559573_at LINC01093 5.3662 2.23 × 10−16 2.81 × 10−12 −6.4809
223699_at CNDP1 6.085 4.19 × 10−10 3.37 × 10−7 −6.3928
207608_x_at CYP1A2 7.6481 1.27 × 10−12 2.00 × 10−9 −6.3917
207201_s_at SLC22A1 6.5374 2.82 × 10−7 3.71 × 10−5 −6.0425
205476_at CCL20 8.1218 5.12 × 10−9 2.02 × 10−6 5.5766
206797_at NAT2 5.7728 7.40 × 10−10 5.19 × 10−7 −5.3452
205998_x_at CYP3A4 7.8762 7.93 × 10−8 1.45 × 10−5 −5.3105
206930_at GLYAT 6.6243 2.42 × 10−7 3.36 × 10−5 −5.2457
206354_at SLCO1B3 6.9485 1.64 × 10−5 0.00088778 −5.1534
217165_x_at MT1F 8.9417 2.92 × 10−9 1.42 × 10−6 −5.0585
206239_s_at SPINK1 9.9658 6.38 × 10−5 0.0023602 4.968
217546_at MT1M 4.9946 2.36 × 10−9 1.30 × 10−6 −4.952
201890_at RRM2 8.9564 8.67 × 10−12 9.95 × 10−9 4.8941
230577_at LINC00844 5.2931 2.01 × 10−7 2.89 × 10−5 −4.859
232494_at CYP8B1 8.793 7.30 × 10−5 0.0025834 −4.8576
220801_s_at HAO2 7.4492 0.0001387 0.0040821 −4.8079
220496_at CLEC1B 4.6874 6.04 × 10−15 3.81 × 10−11 −4.7912
207102_at AKR1D1 7.8868 3.64 × 10−5 0.0015746 −4.7662
214621_at GYS2 7.2327 2.69 × 10−6 0.00021873 −4.7534
209189_at FOS 6.2349 1.86 × 10−7 2.77 × 10−5 −4.7391

AveExpr: the average expression of the gene in all samples; logFC: takes log2 for HCC/normal NLT. HCC, hepatocellular carcinoma; NLT, normal liver tissue.
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Figure 2: Enrichment pathway analysis of DEGs in GSE40367 microarray. (a)–(c) Bubble plot of GO enrichment analysis results. X-axis represents the percentage of
genes associated with each functional term. Y-axis represents the annotated terms of gene enrichment. The size of each circle corresponds to the number of genes,
with larger circles representing a greater gene count. The color of the circles reflects the adjusted P value. (d)–(f) Bar, chord, and bubble plot of KEGG enrichment
analysis results. In the bar plot, X-axis represents the ES of protein enrichment, Y-axis represents the top 10 pathways ranked by the degree value of KEGG signaling
pathways. In bubble plot, X-axis represents the percentage of genes associated with each functional term. Y-axis represents the annotated terms of gene enrichment.
The size of each circle corresponds to the number of genes, with larger circles indicating a greater gene count. The color of the circles reflects the adjusted P value. In
the chord plot, the line segments connect genes and enrichment pathways, with different colors representing distinct enrichment pathways. The size of the circles
corresponds to the number of connected line segments; larger circles indicate a greater number of connected genes and pathways. Yellow circles represent pathways,
other circles represent genes. (g)–(i) GSEA analysis of GSE40367. (g) Functional analysis of CNDP1 in pan-cancer. The heat map utilizes color-coding to visually represent
the degree of gene enrichment, red signifies higher ESs and blue signifies lower ESs. Each row corresponds to a distinct gene set, and each column corresponds to a
distinct type of cancer. (h) GSEA visual analysis shows the concentration of gene sets in the sorted list. (i) GSEA ridgeplot illustrates how the ES of a gene set changes
with the sorting of the gene list. The X-axis represents the sequenced gene list, while the Y-axis represents the ES. The curve (or “mountain”) in the figure demonstrates
how the ES of a particular gene set changes cumulatively as the list of genes is traversed. The peak ES indicates the region of enrichment for the gene set in the list.
DEGs, differentially expressed genes; ES, enrichment score.
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3.4 The subcellular location, function, and
structural analysis

According to the data sourced from the HPA and GeneCards
databases, CNDP1 functions as both a secreted and intracel-
lular protein, localized externally to cell membranes. This

protein is distinguished by its capacity to catalyze the hydro-
lysis of the Xaa-His dipeptide via peptide bonds. It exhibits
pronounced enzymatic activity toward carnosine (β-propionyl-L-
histidine) and homocarnosine (β-propionyl-3-methyl-histidine)
[11,24]. In its role as a catalyst, CNDP1 employs Zn2+ as a cofactor,
coordinating two Zn2+ ions per subunit at the binding sites His132,

Figure 3: Differential expression of CNDP1. (a) CNDP1 gene expression in different cancer types from TIMER2.0. Red dots represent the tumor group,
blue dots represent the normal control group, and for cancer species with a control group, the background color is shown as gray. The statistical
significance calculated by the Wilcoxon test is displayed above the bar chart. (b) CNDP1 gene expression in different cancer types from GEPIA2. The red
columns represent the tumor group and the blue columns represent the normal control group. (c) CNDP1 gene expression in different cancer types
from TCGA. The red areas represent the tumor group and the yellow areas represent the normal control group. (d) CNDP1 gene expression in different
cancer types from TCGA. The red dots represent the tumor group and the blue dots represent the normal control group. (e) CNDP1 gene expression in
different stages of HCC progression, derived from GEPIA2. (f) CNDP1 gene expression in HCC tissues (LIHC) and normal liver tissues, derived from
GEPIA2. (g) and (h) Expression of CNDP1 in HCC tissues and normal liver tissues at protein expression level, derived from the HPA database. CNDP1,
carnosine dipeptidase 1; HCC, hepatocellular carcinoma (*, P < 0.05; **, P < 0.01; ***, P < 0.001).
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Asp165, Glu200, and Asp228. Activation of CNDP1 is achieved
through the binding of cadmium ions at residues Asp134
and Glu199, though it is impeded by the metal chelator 1,10-
o-phenantrolin, which exhibits an inhibitory concentration of
50% (IC50) at 5 µM. The kinetic properties of CNDP1 are deli-
neated in Table 3 [11,24]. Furthermore, CNDP1 presents two
antibody-binding domains, specifically spanning residues
32–133 and 256–334. The protein is composed of 507 amino
acids, the initial 26 of which constitute the signal peptide.
The structural configuration of CNDP1, as documented in the
Protein Data Bank (PDB: 3DLJ) and AlphaFold (https://alphafold.
ebi.ac.uk/entry/Q96KN2, AF-Q96KN2-F1), comprises 18 beta
strands (Figure 4).

3.5 Immune cell infiltration in HCC

The tumor microenvironment constitutes an intricate,
integrated system engendered by the interaction between
neoplastic cells and the adjacent tissues and immune con-
stituents. This milieu augments the proliferative, migra-
tory, and immune evasion capabilities of the tumor cells,
thus facilitating the onset and advancement of neoplastic
conditions. Tumor-infiltrating lymphocytes have been
identified as independent prognosticators of sentinel
lymph node status and survival rates in oncological
patients. Furthermore, analyses of immune infiltration
have elucidated a correlation between CNDP1 expression
and the level of immune infiltration in HCC.

The expression of CNDP1 exhibited a negative correla-
tion with various immune cells: CD4+ T cells, encompassing
CD4+ T memory cells, CD4+ T memory activated cells, CD4+

T central memory cells, CD4+ Th1 cells, CD4+ Th2 cells, CD4+

T (non-regulatory) cells; CD8+ T cells; T regulatory cells; B
cell, including B memory cells; myeloid derived suppressor
cells (MDSC); mast cells; myeloid dendritic cells; monocyte;

and common lymphoid progenitor cells. Conversely, the
expression of CNDP1 was positively correlated with macro-
phage, including macrophage M1 cells and macrophage M2
cells; neutrophil; endothelial cells; granulocyte–monocyte
progenitor; hematopoietic stem cell; and cancer-associated
fibroblast (Figure 5). P < 0.05 was considered statistically
significant.

3.6 Immunological landscape in pan-cancer

In this study, we employed the EPIC and CIBERSORT algo-
rithms to explore the potential correlation between immune
cell infiltration levels and CNDP1 expression across various
cancer types in the TCGA dataset. The findings from the
EPIC algorithms (Figure 6a) revealed a significant negative
association between B cell immune infiltration and CNDP1
expression in thymoma (THYM), testicular germ cell tumors,
stomach adenocarcinoma (STAD), LUSC, LUAD, and HNSC.
Moreover, a positive correlation was observed between CD4
T cell infiltration and CNDP1 expression in STAD and GBM,
while a negative correlation was noted between CD8 T cell
infiltration and CNDP1 expression in LUSC and LUAD. The
results obtained from the CIBERSORT algorithms are pre-
sented in Figure 6b.

We then extended our research to assess the copy number
variations (CNV) for the CNDP1 gene in a pan-cancer context
(Figure 6c). The findings disclosed a pronounced incidence of
CNV in cancers such as KICH, THCA, GBM, and UCEC. Addition-
ally, our examination of the relationship between CNV and
CNDP1 expression in a pan-cancer overview (Figure 6d)
revealed a distinct positive correlation between CNV levels
and CNDP1 expression in multiple cancer types including
bladder urothelial carcinoma (BLCA), breast invasive carci-
noma, CHOL, colon adenocarcinoma (COAD), esophageal car-
cinoma (ESCA), HNSC, KICH, KIRC, KIRP, LUAD, LUSC,

Table 3: Kinetics of CNDP1

Km Substrate Temperature (°C) Notes

1.27 μM Carnosine 30 In the absence of cadmium ions
11 μM Carnosine 30 In the presence of 200 µM cadmium ions
0.13 mM Carnosine
0.2 μM Homocarnosine 30 In the absence of cadmium ions
1 μM Homocarnosine 30 In the presence of 200 µM cadmium ions
8.7 mM Homocarnosine
Vmax

8.5 μmol/min/mg Toward carnosine
0.36 μmol/min/mg Toward homocarnosine

CNDP1, carnosine dipeptidase 1; Km, Michaelis-Menten constant.
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pancreatic adenocarcinoma (PAAD), PRAD, rectum adenocar-
cinoma (READ), and STAD. In contrast, GBM and HCC (LIHC)
exhibited an inverse correlation between CNV and CNDP1
expression levels.

To explore the potential significance of CNDP1 in pre-
dicting the effectiveness of immune checkpoint inhibitor
treatment, we examined the relationship between CNDP1
expression levels and TMB, a well-established biomarker
for immunotherapy prediction. Our findings revealed a
positive correlation between CNDP1 expressions in BLCA,
CHOL, COAD, ESCA, HNSC, KIRP, acute myeloid leukemia, and
LUAD with TMB values. Conversely, we observed a negative
correlation between CNDP1 expressions in KICH, LIHC, ovarian
serous cystadenocarcinoma (OV), PAAD, PRAD, READ, SKCM,
and UCEC with TMB (Figure 6e and f).

Furthermore, elevated promoter methylation levels of
CNDP1 were identified in GBM compared to other cancer
types (Figure 6g). Additionally, the analysis of tumor and
normal promoter methylation of CNDP1 across various
cancers indicated a negative correlation between CNDP1
expression and CHOL, GBM, and PRAD; as well as a positive
correlation with BLCA, cervical squamous cell carcinoma,
endocervical adenocarcinoma, ESCA, KICH, KIRP, LIHC,
PAAD, and UCEC (Figure 6h).

3.7 Prognostic analysis

The tumor data obtained from TCGA were classified into
low and high expression groups based on the level of

Figure 4: Intracellular distribution and structure of CNDP1. (a) Subcellular locations of CNDP1 protein from the HPA database. (b) Subcellular locations
of CNDP1 protein from the GeneCards database. (c) Features of CNDP1 protein from the UniProt database. (d) Three-dimensional structures of CNDP1
protein from PDB (representative) (PDB: 3DLJ). (e) Three-dimensional structures of CNDP1 protein from AlphaFold (predicted) (AF-Q96KN2-F1). CNDP1,
carnosine dipeptidase 1; HPA, Human Protein Atlas; PDB, Protein Data Bank.
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CNDP1 expression (median). We conducted an analysis to
investigate the impact of CNDP1 expression on patient
prognosis across various types of cancer. Our findings
from forest plots revealed that a low level of CNDP1 was
associated with a better OS outcome specifically in uterine
carcinosarcoma (UCS), KIRP, and KIRC, while high expression
of CNDP1 was linked to poorer OS in THCA (Figure 7a).
Patients with low CNDP1 expression had favorable DFS in
UCS and SARC. Conversely, patients with high CNDP1 expres-
sion had unfavorable DFS in PRAD and PAAD (Figure 7b).
Furthermore, low expression of CNDP1 was associated with
worse DSS in UCS, KIRP, and KIRC, but high expression of
CNDP1 was associated with THCA (Figure 7c). Low expression
of CNDP1 indicated better PFI in UCS and KIRC, while high
expression showed worse PFI in THYM (Figure 7d). Addition-
ally, low expression of CNDP1 was linked to favorable DFI in

UCS and SARC, while a high level of CNDP1 was associated
with a worse DFI outcome for patients (Figure 7e).

We further explored the correlation between CNDP1
expression and clinical outcomes in eight cancers, where
notable differences in CNDP1 levels between cancerous
tissues and their normal counterparts were observed,
employing OS analysis (Figure 7f–m). The survival analysis
disclosed that in KIRC, the disparity in survival between
the groups with high and low CNDP1 expression was sta-
tistically significant (P = 0.012), with patients exhibiting
elevated CNDP1 levels experiencing superior OS compared
to their low-expression counterparts. In LIHC (HCC), the
survival curves of the two groups were markedly distinct,
with those in the high CNDP1 expression group achieving
greater OS during an 80-month observation period (P =

0.073). These findings imply that diminished CNDP1

Figure 5: Correlation analysis between CNDP1 expression and immune cell type in HCC. (a)–(x) Correlation analysis between CNDP1 expression and
different types of immune infiltrating cells in HCC. The Spearman correlation coefficient was utilized to calculate the relationship. CNDP1, carnosine
dipeptidase 1; HCC, hepatocellular carcinoma. P < 0.05 and correlation coefficient (R) > 0 indicates a positive correlation; P < 0.05 and R < 0 indicates a
negative correlation.
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expression correlates strongly with adverse prognoses in
HCC patients, positioning CNDP1 as a potentially valuable
prognostic biomarker in HCC.

We delved further into the correlation between the varia-
tion in CNDP1 expression and the prognostic outcomes in HCC
patients across varying tumormicroenvironments (Figure 7n–s).

The findings indicated that diminished expression of CNDP1was
linked with an adverse prognosis in HCC cases. Moreover, ele-
vated expression levels of CD4+ Th2 cells, mast cells, hemato-
poietic stem cells, and MDSC were associated with unfavorable
prognostic implications for patients. P < 0.05 was considered
statistically significant.

Figure 6: Immunological landscape in pan-cancer. (a) Analysis of immune cell infiltration levels and CNDP1 expression from EPIC is presented. (b)
Analysis of immune cell infiltration levels and CNDP1 expression from CIBERSORT is provided. (c) The bar chart illustrates the rate of gene CNV for
CNDP1 in pan-cancer. (d) The bubble diagram demonstrates the relationship between CNDP1 expression and CNV in pan-cancer. (e) The bubble map
displays the correlation between CNDP1 expression and TMB in pan-cancer. (f) The radar map showcases the association between CNDP1 expression
and TMB in pan-carcinoma. (g) The bubble map shows differences in promoter methylation of CNDP1 between tumor and normal cells in pan-cancer.
(h) The bubble plot illustrates the correlation between promoter methylation and expression of CNDP1 in pan-cancer. CNDP1, carnosine dipeptidase 1;
CNV, copy number variation; TMB, tumor mutational burden.
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Figure 7: Correlation between CNDP1 expression and prognosis in pan-cancer and HCC. (a)–(e) Correlation between CNDP1 expression and OS, DFS,
DSS, PFI, DFI in pan-cancer. (f)–(m) KM survival curves of high and low CNDP1 expression in CHOL, GBM, KICH, KIRC, KIRP, LIHC(HCC), SKCM, and THCA
patients. (n)–(s) KM curves of low and high CNDP1 expression with CD4+ Th2 cells, CD8+ T cells, monocytes, macrophages, hematopoietic stem cells,
and MDSC. CNDP1, carnosine dipeptidase 1; HCC, hepatocellular carcinoma; OS, overall survival; DFS, disease-free survival; DSS, disease-specific
survival; PFI, progression-free interval; DFI, disease-free interval; CHOL, cholangiocarcinoma; GBM, glioblastoma multiforme; KICH, kidney chro-
mophobe; KIRC, kidney renal clear cell carcinoma; KIRP, kidney renal papillary cell carcinoma; LIHC, liver hepatocellular carcinoma; SKCM, skin
cutaneous melanoma; THCA, thyroid carcinoma; MDSC, myeloid derived suppressor cells. P < 0.05 was considered statistically significant.
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3.8 Prediction model for microvascular
invasion (MVI)

A nomogram was devised to forecast the likelihood of MVI,
utilizing preoperative data. This model assessed tumor-
specific parameters, including tumor size and count, in
addition to the presence of liver cirrhosis, through preo-
perative diagnostic imaging. Serum samples were obtained
from 75 HCC patients enrolled in this study, and the levels
of serum CNDP1 were quantified by ELISA. The findings
indicated a markedly lower level of serum CNDP1 in the
MVI group compared to the non-MVI group (P = 0.011)
(Figure 8a). Therefore, in this study, we incorporated
CNDP1 into the subsequent stage of univariate logistic
regression analysis to assess its prognostic significance
for MVI in patients with HCC.

Univariate logistic analysis demonstrated significant asso-
ciations between cirrhosis (P = 0.085), tumor number (P <

0.001), tumor size (P = 0.001), and serum CNDP1 level (P =

0.007) with MVI occurrence (Table 4). Multivariate logistic
regression analysis incorporating the above four variables
identified that cirrhosis (P = 0.050), multiple tumors (P =

0.002), tumor size (P = 0.007), and CNDP1 level (P = 0.021)
were independent predictors of MVI (Table 5). Thus, the final
logistic regression equation included these four factors: Y =

2.623 × cirrhosis + 2.278 × tumor number + 1.752 × tumor
diameter − 0.010 × serum CNDP1 concentration − 2.789. A
nomogram was subsequently constructed based on this model
(Figure 8b), facilitating a visual prediction of the risk of MVI
prior to surgical interventions in individuals diagnosed with
HCC. This nomogram exhibited exemplary predictive accuracy
for assessing the risk of MVI, evidenced by a concordance
index of 0.867 [95% CI (0.784–0.949)] (Figure 8c). Calibration
plots convincingly demonstrated a satisfactory concordance
between the predicted risk by the nomogram and actual MVI
estimates (Figure 8d). The decision curve associated with the
nomogram is illustrated in Figure 8e.

4 Discussion

Gene expression profiling using microarray technology
serves as a quintessential instrument for demystifying

Figure 8: Prediction model to estimate the risk of MVI presence preoperatively in HCC. (a) Serum CNDP1 level in the MVI group exhibited a significant
decrease. (b) Nomogram to estimate the risk of MVI presence preoperatively in HCC. The nomogram incorporates cirrhosis, tumor number, tumor
diameter, and serum CNDP1 level. (c) ROC curve based on the prediction model and other indicators in the model (n = 75). (d) Calibration curve based
on the prediction model (n = 75). (e) Decision curve based on the prediction model (n = 75). MVI, microvascular invasion; HCC, hepatocellular
carcinoma; CNDP1, carnosine dipeptidase 1. P < 0.05 was considered statistically significant.
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the intrinsic mechanisms of diseases and pinpointing genes
and pathways associated with various malignancies, which
may have remained undiscovered. This methodology sheds
light on the molecular underpinnings of cancer and deline-
ates potential avenues for therapeutic endeavors [25]. In
order to identify potential prognostic biomarkers associated
with the development of pan-cancer, especially HCC, we
conducted an analysis of genomic microarray data from
GSE40367. Our scrutiny led to the identification of 2,248
DEGs, comprising 1,121 up-regulated and 1,127 down-regulated
genes. Gene bioinformatics offers a potential molecular tar-
geting approach for the prevention and management of HCC.
We executed a comprehensive series of enrichment analyses
including GO, KEGG, and GSEA. The findings suggest that the
DEGs in GSE40367may be linked to pathways related to bio-
logical oxidations, cell cycle, and fatty acid degradation when

compared to the control group. These results align with pre-
vious research studies [26–28].

In our literature search, we found no publications that
have conducted pan-cancer analyses of CNDP1 from a com-
prehensive tumor perspective. Therefore, we conducted a
thorough examination of the CNDP1 in pan-cancer based
on data from TCGA, GEO, HPA, and UniProt databases. This
examination included an analysis of molecular character-
istics such as gene expression, promoter methylation, bio-
logical function, and protein structure. It was observed
that CNDP1 is generally expressed at low levels in most
tumors, including HCC. Additionally, it was noted that
CNDP1 is both a secreted and intracellular protein located
outside the cell membranes. It is recognized for its ability
to catalyze the hydrolysis of Xaa-His dipeptide by peptide
bonds.

Tumor-infiltrating immune cells, pivotal elements within
the tumor microenvironment, are intimately linked with the
genesis, progression, and dissemination of cancer [29,30].
Cancer-related fibroblasts located within the stromal region
of the tumor microenvironment have been documented to
play a role in influencing the activity of diverse immune cells
that infiltrate the tumor [31]. In this research, we employed
CIBERSORT, EPIC, and other algorithms to explore the poten-
tial interplay between varying levels of immune cell infiltra-
tion and CNDP1 expression across diverse cancer types in the
TCGA.We discerned a statistically significant inverse relation-
ship between B-cell immune infiltration, as determined
by the EPIC algorithm, and CNDP1 expression in six dis-
tinct tumors, including THYM. Additionally, our scrutiny
of immune cell infiltration in HCC disclosed a negative
association between CNDP1 expression and the presence
of B cells, CD4+ T cells, CD8+ T cells, T regulatory cells,
DMSC, mast cells, myeloid dendritic cells, monocytes, and
common lymphoid progenitor cells. These insights imply
that CNDP1 may play a role in forecasting patient out-
comes in HCC and other tumors. Specifically, elevated
levels of CNDP1 expression might correlate with a more
favorable prognosis for patients.

Table 4: Univariate logistic analysis results of the patients

Variable Univariable

OR (95% CI) P value

Age (years) 0.973 (0.928–1.020) 0.257
Sex (male) 2.739 (0.701–10.709) 0.147
HBV infection 1.453 (0.435–4.855) 0.543
Blood ammonia (μmol/L) 0.999 (0.977–1.022) 0.940
PT (s) 0.896 (0.675–1.189) 0.445
WBCs (×109/L) 0.883 (0.631–1.237) 0.471
RBCs (×1012/L) 1.108 (0.522–2.353) 0.789
Platelets (×109/L) 0.998 (0.992–1.005) 0.629
AFP (ng/mL) 1.001 (0.998–1.004) 0.461
Albumin (g/L) 1.002 (0.929–1.082) 0.952
ALT (U/L) 1.002 (0.985–1.019) 0.836
Cirrhosis 7.200 (0.763–67.983) 0.085*
Tumor number, multiple vs solitary 9.772 (2.899–32.610) <0.001*
Tumor diameter, >3 vs ≤3 (cm) 5.425 (1.954–15.065) 0.001*
CNDP1 (ng/mL) 0.989 (0.981–0.997) 0.007*

OR, odds ratio; CI, confidence interval; HBV, hepatitis B virus; PT, pro-
thrombin time; WBCs, white blood cells; RBCs, red blood cells; AFP,
alpha-fetoprotein; ALT, alanine aminotransferase; CNDP1, carnosine
dipeptidase 1. *Indicates P < 0.1.

Table 5: Multivariate logistic analysis results of the patients

Variable βa OR (95% CI) P value

Cirrhosis 2.623 13.783 (1.002–189.687) 0.050*
Tumor number, multiple vs solitary 2.278 9.762 (2.301–41.422) 0.002*
Tumor diameter, >3 vs ≤3 (cm) 1.752 5.768 (1.617–20.573) 0.007*
CNDP1 (ng/mL) -0.010 0.990 (0.982–0.999) 0.021*
Constant -2.789 0.061 0.050

OR, odds ratio; CI, confidence interval; CNDP1, carnosine dipeptidase 1. aUnstandardized β coefficients were calculated from the multivariate logistic
regression model. *Indicates P < 0.05.
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Deletion or duplication of genome fragments larger
than 1 kb resulting from genome rearrangement is called
CNV. Genome CNV is part of normal human genetic variation
[32–34]. TMB is crucial as biomarkers in the prediction of
tumor immunotherapy outcomes and functions as important
immune regulatory elements [35]. DNA methylation, an epi-
genetic mechanism, profoundly influences gene transcription
[36]. Consequently, in this study, we investigated the relation-
ship between CNDP1 expression and CNV, TMB, and promoter
methylation across various cancers. Our findings indicate
that the interplay between CNV, TMB, promoter methylation,
and CNDP1 expression differs across cancer types. In HCC, a
negative correlation exists between CNV and TMB, while a
positive correlation is observed between promoter methyla-
tion and CNDP1 expression. These observations suggest that
the prognostic value of CNDP1 varies among different can-
cers, and elevated expression of CNDP1 in HCC may signify a
more favorable prognosis.

However, survival prognostic analysis of the CNDP1
resulted in different conclusions for different tumors. Our
research revealed a notable correlation between reduced
levels of CNDP1 expression and unfavorable outcomes in
patients with HCC. Moreover, elevated levels of CD4+ Th2
cells, mast cells, hematopoietic stem cells, and MDSC were
correlated with an unfavorable prognosis in patients. These
observations indicates that CNDP1 may act as a crucial prog-
nostic biomarker in HCC.

Relevant research indicates that MVI serves as the
initial stage in the progression of HCC, ultimately leading
to intrahepatic tumor spreading or systemic metastases
[37,38]. MVI has been acknowledged as a pivotal prognostic
indicator subsequent to hepatic resection for HCC [39–42].
Following the outcomes of multivariate logistic regression
analysis, we developed a logistic regression equation incor-
porating cirrhosis, tumor number, tumor diameter, and
serum CNDP1 level. Subsequently, we constructed a nomo-
gram for predicting MVI, which enhanced the interpretability
and convenience of the prediction model for clinicians. The
findings corroborate that CNDP1 serves as an independent
predictor of MVI in patients with HCC.

5 Conclusion

In conclusion, our research demonstrates that CNDP1 is
consistently underexpressed across various cancer types,
including HCC. Moreover, diminished levels of CNDP1 cor-
relate with adverse outcomes in these malignancies. Our
analysis further disclosed that the enrichment pathway of

DEGs in GSE40367, along with associated immune infiltra-
tion in pan-cancer, has been elucidated. These insights may
enhance our comprehension of the molecular underpin-
nings and furnish clinically pertinent molecular targets
for prognostication in both pan-cancer and HCC contexts. In
essence, this study offers invaluable support in pinpointing
critical prognostic biomarkers for both pan-cancer and HCC.

Acknowledgements: The authors appreciate the support
of all participants in this study and acknowledge TCGA and
GEO for providing their platforms and contributors for
uploading their meaningful datasets.

Funding information: This study was supported by National
Key Research andDevelopment Programof China (2023YFC2308104).

Author contributions: Conceptualization and methodology:
Jing-Min Zhao, Xiao-Wen Huang, Yan Li, and Li-Na Jiang;
validation: Bo-Kang Zhao, Yi-Si Liu, and Chun Chen; formal
analysis, visualization, and writing – original draft: Xiao-Wen
Huang, Yan Li, and Li-Na Jiang; investigation: Dan Zhao, Xue-
Li Zhang, and Mei-Ling Li; data curation: Yi-Yun Jiang and Li
Zhu; writing – review and editing: all authors; supervision:
Jing-Min Zhao; project administration: Jing-Min Zhao and
Shu-Hong Liu.

Conflict of interest: The authors declare that they have no
conflict of interest.

Data availability statement: The data in this study are
available from the corresponding author on reasonable
request.

References

[1] World Health Organization. Data visualization tools for exploring
the global cancer burden in 2022 [ER/OL]. [2024-03-12]: https://
gco.iarc.fr/today/home.

[2] Fan ST, Mau Lo C, Poon RT, Yeung C, Leung Liu C, Yuen WK, et al.
Continuous improvement of survival outcomes of resection of
hepatocellular carcinoma: a 20-year experience. Ann Surg.
2011;253(4):745–58.

[3] Forner A, Reig M, Bruix J. Hepatocellular carcinoma. Lancet.
2018;391(10127):1301–14.

[4] Singal AG, Conjeevaram HS, Volk ML, Fu S, Fontana RJ, Askari F,
et al. Effectiveness of hepatocellular carcinoma surveillance in
patients with cirrhosis. Cancer Epidemiol Biomarkers Prev: A Publ
Am Assoc Cancer Res Cosponsored Am Soc Prev Oncol.
2012;21(5):793–9.

CNDP1 in pan-cancer and hepatocellular carcinoma prognosis  17

https://gco.iarc.fr/today/home
https://gco.iarc.fr/today/home


[5] Tzartzeva K, Obi J, Rich NE, Parikh ND, Marrero JA, Yopp A, et al.
Surveillance imaging and alpha fetoprotein for early detection of
hepatocellular carcinoma in patients with cirrhosis: a meta-ana-
lysis. Gastroenterology. 2018;154(6):1706–18.e1.

[6] Tayob N, Kanwal F, Alsarraj A, Hernaez R, El-Serag HB. The per-
formance of AFP, AFP-3, DCP as biomarkers for detection of
hepatocellular carcinoma (HCC): a phase 3 biomarker study in the
United States. Clin Gastroenterol Hepatol: Off Clin Pract J Am
Gastroenterol Assoc. 2023;21(2):415–23.e4.

[7] Nakatsura T, Nishimura Y. Usefulness of the novel oncofetal
antigen glypican-3 for diagnosis of hepatocellular carcinoma and
melanoma. BioDrugs: Clin Immunother Biopharm Gene Ther.
2005;19(2):71–7.

[8] van der Vos KE, Eliasson P, Proikas-Cezanne T, Vervoort SJ, van
Boxtel R, Putker M, et al. Modulation of glutamine metabolism by
the PI(3)K-PKB-FOXO network regulates autophagy. Nat Cell Biol.
2012;14(8):829–37.

[9] Liu H, Zhang H, Liu X, Guo W, Liu Q, Chen L, et al. Pancreatic stellate
cells exploit Wnt/β-catenin/TCF7-mediated glutamine metabolism
to promote pancreatic cancer cells growth. Cancer Lett.
2023;555:216040.

[10] Long J, Wang A, Bai Y, Lin J, Yang X, Wang D, et al. Development and
validation of a TP53-associated immune prognostic model for
hepatocellular carcinoma. EBioMedicine. 2019;42:363–74.

[11] Teufel M, Saudek V, Ledig JP, Bernhardt A, Boularand S, Carreau A,
et al. Sequence identification and characterization of human car-
nosinase and a closely related non-specific dipeptidase. J Biol
Chem. 2003;278(8):6521–31.

[12] GeneCards. CNDP1 Gene - Carnosine Dipeptidase 1 [ER/OL]. [2024-
05-12]. https://www.genecards.org/cgi-bin/carddisp.pl?gene=
CNDP1.

[13] Chen SL, Marino T, Fang WH, Russo N, Himo F. Peptide hydrolysis
by the binuclear zinc enzyme aminopeptidase from Aeromonas
proteolytica: a density functional theory study. J Phys Chem B.
2008;112(8):2494–500.

[14] Lunde HA, Gjessing LR, Sjaastad O. Homocarnosinosis: influence of
dietary restriction of histidine. Neurochem Res. 1986;11(6):825–38.

[15] Balion CM, Benson C, Raina PS, Papaioannou A, Patterson C,
Ismaila AS. Brain type carnosinase in dementia: a pilot study. BMC
Neurol. 2007;7:38.

[16] Butterworth RJ, Wassif WS, Sherwood RA, Gerges A, Poyser KH,
Garthwaite J, et al. Serum neuron-specific enolase, carnosinase,
and their ratio in acute stroke. An enzymatic test for predicting
outcome? Stroke. 1996;27(11):2064–8.

[17] Wassif WS, Sherwood RA, Amir A, Idowu B, Summers B, Leigh N,
et al. Serum carnosinase activities in central nervous system dis-
orders. Clin Chim Acta. 1994;225(1):57–64.

[18] Nagtegaal ID, Odze RD, Klimstra D, Paradis V, Rugge M,
Schirmacher P, et al. The 2019 WHO classification of tumours of the
digestive system. Histopathology. 2020;76(2):182–8.

[19] Roessler S, Lin G, Forgues M, Budhu A, Hoover S, Simpson RM, et al.
Integrative genomic and transcriptomic characterization of
matched primary and metastatic liver and colorectal carcinoma. Int
J Biol Sci. 2015;11(1):88–98.

[20] Yu G, Wang LG, Han Y, He QY. clusterProfiler: an R package for
comparing biological themes among gene clusters. Omics: A J
Integr Biol. 2012;16(5):284–7.

[21] Li T, Fu J, Zeng Z, Cohen D, Li J, Chen Q, et al. TIMER2.0 for analysis
of tumor-infiltrating immune cells. Nucleic Acids Res.
2020;48(W1):W509–14.

[22] Racle J, de Jonge K, Baumgaertner P, Speiser DE, Gfeller D.
Simultaneous enumeration of cancer and immune cell types from
bulk tumor gene expression data. eLife. 2017;6:e26476.

[23] Newman AM, Liu CL, Green MR, Gentles AJ, Feng W, Xu Y, et al.
Robust enumeration of cell subsets from tissue expression profiles.
Nat Methods. 2015;12(5):453–7.

[24] Veiga-da-Cunha M, Chevalier N, Stroobant V, Vertommen D, Van
Schaftingen E. Metabolite proofreading in carnosine and
homocarnosine synthesis: molecular identification of
PM20D2 as β-alanyl-lysine dipeptidase. J Biol Chem.
2014;289(28):19726–36.

[25] Pedrotty DM, Morley MP, Cappola TP. Transcriptomic biomarkers
of cardiovascular disease. Prog Cardiovasc Dis. 2012;55(1):64–9.

[26] Peng X, Chen Z, Farshidfar F, Xu X, Lorenzi PL, Wang Y, et al.
Molecular characterization and cinical relevance of metabolic
expression subtypes in human cancers. Cell Rep.
2018;23(1):255–69.e4.

[27] Greenbaum LE. Cell cycle regulation and hepatocarcinogenesis.
Cancer Biol Ther. 2004;3(12):1200–7.

[28] Ha HL, Shin HJ, Feitelson MA, Yu DY. Oxidative stress and antiox-
idants in hepatic pathogenesis. World J Gastroenterol.
2010;16(48):6035–43.

[29] Kalaora S, Nagler A, Wargo JA, Samuels Y. Mechanisms of immune
activation and regulation: lessons from melanoma. Nat Rev Cancer.
2022;22(4):195–207.

[30] Schreiber RD, Old LJ, Smyth MJ. Cancer immunoediting: integrating
immunity’s roles in cancer suppression and promotion. Science.
2011;331(6024):1565–70.

[31] Chen X, Song E. Turning foes to friends: targeting cancer-asso-
ciated fibroblasts. Nat Rev Drug Discovery. 2019;18(2):
99–115.

[32] Freeman JL, Perry GH, Feuk L, Redon R, McCarroll SA, Altshuler DM,
et al. Copy number variation: new insights in genome diversity.
Genome Res. 2006;16(8):949–61.

[33] Sebat J, Lakshmi B, Troge J, Alexander J, Young J, Lundin P, et al.
Large-scale copy number polymorphism in the human genome.
Science. 2004;305(5683):525–8.

[34] McCarroll SA, Hadnott TN, Perry GH, Sabeti PC, Zody MC, Barrett JC,
et al. Common deletion polymorphisms in the human genome. Nat
Genet. 2006;38(1):86–92.

[35] Chan TA, Yarchoan M, Jaffee E, Swanton C, Quezada SA,
Stenzinger A, et al. Development of tumor mutation burden as an
immunotherapy biomarker: utility for the oncology clinic. Ann
Oncol: Off J Eur Soc Med Oncol. 2019;30(1):44–56.

[36] Momparler RL, Bovenzi V. DNA methylation and cancer. J Cell
Physiol. 2000;183(2):145–54.

[37] Sugino T, Yamaguchi T, Hoshi N, Kusakabe T, Ogura G, Goodison S,
et al. Sinusoidal tumor angiogenesis is a key component in hepa-
tocellular carcinoma metastasis. Clin Exp Metastasis.
2008;25(7):835–41.

[38] Mitsunobu M, Toyosaka A, Oriyama T, Okamoto E, Nakao N.
Intrahepatic metastases in hepatocellular carcinoma: the role of
the portal vein as an efferent vessel. Clin Exp Metastasis.
1996;14(6):520–9.

[39] Wang CC, Iyer SG, Low JK, Lin CY, Wang SH, Lu SN, et al.
Perioperative factors affecting long-term outcomes of 473 conse-
cutive patients undergoing hepatectomy for hepatocellular carci-
noma. Ann Surg Oncol. 2009;16(7):1832–42.

[40] Sumie S, Kuromatsu R, Okuda K, Ando E, Takata A, Fukushima N,
et al. Microvascular invasion in patients with hepatocellular

18  Xiao-Wen Huang et al.

https://www.genecards.org/cgi-bin/carddisp.pl?gene=CNDP1
https://www.genecards.org/cgi-bin/carddisp.pl?gene=CNDP1


carcinoma and its predictable clinicopathological factors. Ann Surg
Oncol. 2008;15(5):1375–82.

[41] Lauwers GY, Terris B, Balis UJ, Batts KP, Regimbeau JM, Chang Y,
et al. Prognostic histologic indicators of curatively resected hepa-
tocellular carcinomas: a multi-institutional analysis of 425 patients

with definition of a histologic prognostic index. Am J Surg Pathol.
2002;26(1):25–34.

[42] Fan ST, Poon RT, Yeung C, Lam CM, Lo CM, Yuen WK, et al. Outcome
after partial hepatectomy for hepatocellular cancer within the
Milan criteria. Br J Surg. 2011;98(9):1292–300.

CNDP1 in pan-cancer and hepatocellular carcinoma prognosis  19


	1 Introduction
	2 Materials and methods
	2.1 Patients of study
	2.2 Expression profile dataset selection
	2.3 DEGs identification
	2.4 PPI network construction
	2.5 Functional and pathway enrichment analysis
	2.6 Analysis of CNDP1 expression
	2.7 Immunohistochemical staining
	2.8 Biochemical function, intracellular distribution, and structural information of CNDP1
	2.9 Association analysis of CNDP1 expression with immune cell infiltration in HCC
	2.10 Gene mutation, immuno-infiltration, and methylation analysis in pan-cancer
	2.11 Prognostic analysis
	2.12 Laboratory and MRI as well as histopathologic examination from our own samples
	2.13 Statistical analysis

	3 Results
	3.1 Identification of DEGs in GSE40367 and PPI network construction of DEGs
	3.2 Functional and pathway enrichment analysis
	3.3 Expression analysis of CNDP1
	3.4 The subcellular location, function, and structural analysis
	3.5 Immune cell infiltration in HCC
	3.6 Immunological landscape in pan-cancer
	3.7 Prognostic analysis
	3.8 Prediction model for microvascular invasion (MVI)

	4 Discussion
	5 Conclusion
	Acknowledgements
	References


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (None)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 524288
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org?)
  /PDFXTrapped /False

  /CreateJDFFile false
  /SyntheticBoldness 1.000000
  /Description <<
    /POL (Versita Adobe Distiller Settings for Adobe Acrobat v6)
    /ENU (Versita Adobe Distiller Settings for Adobe Acrobat v6)
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [2834.646 2834.646]
>> setpagedevice


