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Abstract 
The heterogeneity of pancreatic adenocarcinoma (PAAD) tumors is complex. The purpose of this work was to use immunologic 
signature gene sets (ISGS) activity alterations to identify subtypes of PAAD and to develop valid prognostic indicators. We 
discovered tumor-related differentially expressed gene sets and their associated subtypes by analyzing changes in ISGS activity 
via the cancer genome Atlas and the genotype-tissue expression datasets. To evaluate the relationship between these subtypes 
and clinical characteristics, the immunological microenvironment, and tumor immune dysfunction and exclusion, we conducted 
survival studies. Furthermore, we identified subtype-specific gene sets and developed a prognostic risk score (RS) model and 
a corresponding nomogram. The robustness and generalizability of the RS model were validated using the gene expression 
omnibus dataset. Additionally, differences in drug sensitivity and tumor mutation burden were compared between risk groups. On 
the basis of variations in ISGS activity, 2 subtypes of PAAD were distinguished. The prognosis is worse for subtype 1 patients, and 
there is no statistically significant difference between the clinicopathologic characteristics of the 2 subtypes. However, subtype 1 
patients do not respond well to immunotherapy, and the immunological microenvironment varies significantly across subtypes. 
Additionally, patients were assigned to distinct risk groups by a prognostic RS model based on differentially expressed genes 
linked to both subtypes. Individuals belonging to distinct risk categories exhibited varying degrees of medication sensitivity; high-
risk patients also had shorter survival periods and greater tumor mutation burden. For patients with pancreatic cancer, nomograms 
that include RS and clinicopathologic variables are may provide useful tools. Our research used the ISGS to identify subtypes of 
PAAD and created prognostic RS models. Through the integration of the RS and clinicopathological parameters into nomograms, 
prognostic prediction may be reinforced, and may provide new perspectives for future personalized treatment strategies.

Abbreviations: DEGs = differentially expressed genes, GEO = gene expression omnibus, GSVA = gene set variation analysis, 
GTEx = genotype-tissue expression, ISGS = immunologic signature gene sets, LASSO = least absolute shrinkage and selection 
operator, OS = overall survival, PAAD = pancreatic adenocarcinoma, RS = risk score, TCGA = the cancer genome Atlas, TIDE = 
tumor immune dysfunction and exclusion, TMB = tumor mutation burden.

Keywords: immunologic signature gene sets (ISGS), pancreatic adenocarcinoma (PAAD), personalized treatment strategies, prog-
nostic, subtypes

1. Introduction
By 2030, pancreatic adenocarcinoma (PAAD) – a very deadly 
tumor – is estimated to place second in the US in terms of  
cancer-related fatalities.[1] Approximately 5,00,000 new 
instances of PAAD were identified globally in 2020, with a 

corresponding number of fatalities and an average 5-year sur-
vival rate of 12.8%.[2] PAAD death rates are still high despite 
notable advancements in treatment over the previous few 
decades.[3,4] Complex tumor heterogeneity, which is impacted by 
a confluence of environmental, immunological, personal health, 
and genetic variables, is the hallmark of PAAD. The molecular, 
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cellular, immunological, and tumor behavioral levels are where 
this complexity is exhibited.[5,6] Tumor response to treatment 
and prognosis are also significantly impacted by this heteroge-
neity, which also has an effect on carcinogenesis and progres-
sion.[7] Patients will thereby have better clinical outcomes with 
improved subtype identification and tailored treatment plans 
for PAAD.

Intricate regulation between cancer cells and the immune 
system plays a complicated role in the development of can-
cer.[8] Cancer’s genesis and progression are significantly influ-
enced by the immune system, and immune evasion has been 
identified as a characteristic of the disease.[9] The prognosis for 
pancreatic cancer patients has improved recently due to nota-
ble advancements in immunotherapy.[10] As of right now, TNM 
staging upon diagnosis is the main factor used to determine 
the prognosis of each patient, yet this method is inaccurate 
for making specific prognostic predictions. More sensitive and 
precise prognostic indicators are therefore desperately needed 
in clinical settings.[11]

Several molecular classification systems for PAAD have been 
proposed. Collisson et al identified 3 transcriptome-based sub-
types – classical, quasimesenchymal, and exocrine-like.[12] Bailey 
et al later refined these into 4 molecular subtypes: squamous, 
pancreatic progenitor, immunogenic, and aberrantly differenti-
ated endocrine exocrine.[13] More recently, Rashid et al devel-
oped the PurIST classifier, a clinically robust single-sample tool 
that stratifies tumors into basal-like and classical subtypes,[12] 
while Zhao et al reported transcriptomic subtypes with inde-
pendent prognostic relevance.[13] Although these classifications 
have substantially advanced our understanding of PAAD het-
erogeneity, they were largely derived from global transcriptomic 
features. In contrast, our study focuses on immunologic signa-
ture gene sets (ISGS) activity, aiming to capture immune-related 
molecular alterations that may underlie prognosis and thera-
peutic response.

As such, the focus of research has turned to the identification 
of immunogenomic markers linked to prognosis. For instance, 
a model made up of 7 genes linked to M2 macrophages was 
effective in forecasting prognosis and immunotherapy response 
in colon cancer, which improved patient management during 
immunotherapy.[14] Li et al showed that immunogenomic profil-
ing could stratify PDAC patients according to prognosis and pre-
dict immunotherapy responsiveness, correlating with immune 
infiltration, tumor mutation burden (TMB) and immune check-
point expression.[15] These results imply that the immune-related 
genome is a highly promising biomarker for prognosticating 
patients. Studies on immune-related genes and important indi-
cators linked to the prognosis of pancreatic cancer are still few, 
nonetheless.

The prognosis may be significantly impacted by changes in 
ISGS activity, which may also have an effect on the prolifer-
ation of tumor cells following therapy and the colonization 
of circulating tumor cells in the circulation.[16] Few research, 
nonetheless, have used variations in ISGS activity to determine 
prognosis or identify PAAD subtypes. Using the cancer genome 
Atlas (TCGA) and the genotype-tissue expression (GTEx) 
datasets, we examined changes in ISGS activity in PAAD in 
this work. We then determined prognostically significant dif-
ferentially expressed genes (DEGs) sets and the correspond-
ing PAAD subtypes. On these subtypes, we conducted tumor 
immune dysfunction and exclusion (TIDE), immune infiltration, 
and survival assessments. Subsequently, we created nomograms 
and prognostic risk score (RS) models and determined DEGs 
between subtypes. GSE28735 and GSE62452, 2 gene expression 
omnibus (GEO) datasets, were utilized to verify the RS models’ 
prediction accuracy. We also examined medication sensitivity 
and TMB levels across risk groups. Figure 1 illustrates our bio-
informatics analytical methodology. These results offer further 
information for precisely predicting prognosis and enhancing 
treatment approaches for pancreatic cancer.

2. Materials and methods

2.1. Data collection

The TCGA database (https://portal.gdc.cancer.gov/) provided 
the clinicopathologic characteristics and gene sequencing data 
for PAAD. The data included 178 cancer cases and 4 normal 
samples. 167 samples of normal pancreatic tissue with gene 
sequencing data were collected from the GTEx database (https://
www.gtexportal.org/home/). GSE28735 and GSE62452, 2 
PAAD sequencing datasets containing prognostic data, were 
acquired from the GEO database (https://www.ncbi.nlm.nih.
gov/geo/). Batch effects were corrected using the ComBat func-
tion in the “sva” R package, with default parameters. Following 
batch effect correction, 114 samples in all were ready for further 
examination. Furthermore, the MSigDB database (https://www.
gsea-msigdb.org/gsea/index.jsp) included 4872 ISGS.

2.2. Gene set variation analysis (GSVA)

The gene set variation analysis (GSVA) approach estimates the 
relative enrichment of genomes in a sample to examine changes 
in gene pathway activity under particular biological settings.[17] 
GSVA used sample data from the TCGA and GTEx datasets to 
examine the enrichment scores (ES) of 4872 ISGSs. The results 
showed variations in the activity of these gene sets in PAAD 
compared to normal.

2.3. Identification of DEGs

The “limma” tool in R4.4.0 was used to assess DEGs between 
cancer and noncancer samples based on the ES of the genomes 
in the samples, with a cutoff value of P < .01.[18] The list of 
prognostically important genes was screened by univariate Cox 
regression analysis, utilizing the “survival” package in R4.4.0 
with a threshold value of P < .01. By intersecting the DEGs with 
the collection of prognostically relevant genes, prognostically 
relevant DEGs were discovered.

2.4. Subtype analysis

The “ConsensusClusterPlus” tool in R4.4.0 was used to per-
form unsupervised clustering of the data based on prognosti-
cally significant DEGs.[19] To investigate which k value is best for 
cluster stability, the samples were divided into k (2–9) groups. 
proportion of ambiguous clustering were used to further vali-
date the ideal k value.

2.5. Survival analysis of subtypes

Using the “Survival” package in R4.4.0, we conducted a Kaplan–
Meier survival analysis of patients with the various subtypes to 
see if there were any changes in prognosis across the subtypes.

2.6. Relationship between subtypes and clinicopathological 
characteristics

Using chi-square tests based on the clinical data of each subtype 
sample, correlations between subtypes and other clinicopatho-
logic variables (TNM stage, clinical stage) were evaluated.

2.7. Immune infiltration and TIDE analysis of subtypes

Using the CIBERSORT, QUANTIseq, and TIMER algorithms, 
the fraction of immune cell types was calculated on the basis of 
the expression level of each sample in the dataset.[20–22] We stud-
ied the variations in immune cells among subtypes. To assess 
the differences in immunotherapy response between subtypes, 
the TIDE score was computed for each sample using the mRNA 
expression matrix.

https://portal.gdc.cancer.gov/
https://www.gtexportal.org/home/
https://www.gtexportal.org/home/
https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/
https://www.gsea-msigdb.org/gsea/index.jsp
https://www.gsea-msigdb.org/gsea/index.jsp
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2.8. Identification of DEGs between subtypes

Using the “limma” package in R4.4.0 and a threshold value of 
P < .01 for tumor subtype information, DEGs between subtypes 
was evaluated.

2.9. Construction and evaluation of the RS model

The “glmnet” package in R4.4.0 was used to perform least 
absolute shrinkage and selection operator (LASSO) regres-
sion analysis, based on the DEGs between subtypes.[23] To 
build RS models, gene sets that were chosen via the LASSO 

regression analysis were utilized. The following formula was 
computed:

Risk score =
∑

ni =
∑

(coef i ∗ xi)

where coef i is the coefficient and xi is the ES of each selected 
gene set.

The samples in the GEO validation dataset and the TCGA 
training dataset have their scores determined using this algo-
rithm. Based on the median score, the complete cohort was 
then divided into high and low risk categories. So as to evaluate 

Figure 1.  Flow chart of bioinformatic analysis. DEGs = differentially expressed genes, GEO = gene expression omnibus, GSVA = gene set variation analysis, 
GTEx = genotype-tissue expression, LASSO = least absolute shrinkage and selection operator, RS = risk score, TCGA = The cancer genome Atlas, TIDE = 
tumor immune dysfunction and exclusion, TMB = tumor mutation burden.
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prognostic differences between risk categories, survival analyses 
were conducted.

2.10. TMB and drug sensitivity analysis

Every gene in the TCGA dataset samples had its mutation 
information gathered, and the top 20 genes with the greatest 
amount of mutations were chosen. Using the “maftools” pack-
age in R4.4.0, the mutation frequency of these highly modi-
fied genes was evaluated in all samples.[24] Every tumor sample 
had its TMB levels determined, and the results were compared 
across several risk categories. The “oncoPredict” program in 
R4.4.0 was used to evaluate each sample’s sensitivity to com-
mon medications, and the variations between risk categories 
were compared.[25]

2.11. Construction of the nomogram

RS and clinicopathologic factors (age, sex, pathologic M, N, and 
T stages, and clinical stage) in patients with TCGA were the 
subjects of univariate and multivariate Cox regression analyses 
to examine the factors influencing patient prognosis. Variables 
with P < .05 were regarded as independent prognostic factors. 
Using the “rms” package, a nomogram was created.[26] Survival 
analysis, calibration curves, and receiver operating characteris-
tic curves were used to assess the nomogram model’s perfor-
mance in more detail.

2.12. Statistical analysis

Based on R4.4.0, bioinformatics analysis were carried out. 
“limma” package was used to search for DEGs between 
samples with and without cancer as well as between various 
subtypes. “survival” package was used to carry out Cox regres-
sion and survival studies. Samples with incomplete or missing 
clinical information were excluded from relevant statistical 
analyses.

3. Results

3.1. Changes in ISGS activity in PAAD tissues

GSVA analysis was carried out on the ES of 4872 ISGS to iden-
tify the variations in ISGS activity between cancer samples and 
normal samples. Figure 2 displays the differential RS of ISGS in 
tumor and non-tumor samples.

3.2. Identification of prognosis-related differential gene sets

Four thousand three hundred thirty-three difference gene sets 
between tumor and non-tumor samples were found using the 
ES of 4872 ISGS. There were 1501 prognostically relevant dif-
ferential gene sets found by taking the intersection with 1583 
prognostically relevant gene sets.

3.3. PAAD subtype analysis

Using the prognostically relevant differential genes, unsupervised 
clustering of PAAD samples was carried out (Fig. 3A). Subtypes 1 
(116 samples) and 2 (60 samples) were derived from the ideal k 
value of 2, according to further proportion of ambiguous cluster-
ing analysis (Fig. 3B, C).Patients in subtype 1 had poorer progno-
sis (P < .001, Fig. 3D) and higher TIDE scores (P < .05, Fig. 3E). 
No significant differences in clinicopathological characteristics 
were observed between the 2 subtypes (P > .05, Fig. 3F–I).

3.4. Differences in the immune microenvironment between 
subtypes

The algorithms CIBERSORT, quanTIseq, and TIMER were 
used to quantify the proportions of immune cells. There were 6 
distinct kinds of differentiated immune cells found: M0 macro-
phages, M1 macrophages, neutrophils, and dendritic cells were 
highly raised in subtype 1, whereas CD8 T cells and monocytes 
were highly elevated in subtype 2 (Fig. 4).

3.5. Construction of the prognostic RS model

A total of 968 DEGs were found between the 2 subtypes in 
the TCGA dataset (Fig. 5A). LASSO regression analysis of  
subtype-associated DEGs yielded twenty-three defined gene sets 
(Fig. 5B, C). Using univariate Cox regression analysis, 16 of 
these 23 gene sets were shown to be risk factors and 7 to be pro-
tective factors (Table S1, Supplemental Digital Content, https://
links.lww.com/MD/Q518).

3.6. The RS model accurately predicts overall survival (OS)

The 23 described gene sets were used to construct RS for each 
sample, and patients were subsequently divided into high-risk 
and low-risk groups (Table S2, Supplemental Digital Content, 
https://links.lww.com/MD/Q518). Figure 5D, E shows that 
patients in the high-risk group had considerably shorter OS 

Figure 2.  Enrichment score heatmap for 4872 immunogenomes in normal and pancreatic tumor samples. Based on the TCGA and GTEx databases, GSVA 
was carried out. GSVA = gene set variation analysis, GTEx = genotype-tissue expression, TCGA = the cancer genome atlas.

https://links.lww.com/MD/Q518
https://links.lww.com/MD/Q518
https://links.lww.com/MD/Q518
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than patients in the low-risk group. Figure 5F shows that the RS 
model demonstrated moderate predictive performance for over-
all survival (AUC = 0.73). Furthermore, GEO dataset was used 
to verify the RS model’s accuracy and generalizability. High-risk 
patients had much shorter survival durations (Fig. 5G, H), and 
In the external GEO validation cohort, the RS model yielded an 
AUC of 0.739, consistent with the moderate predictive perfor-
mance observed in the TCGA training set (Fig. 5I).

3.7. TMB and drug sensitivity analysis

All genes’ mutation frequencies were evaluated using mutation 
data from the TCGA dataset; genes like TP53 and SMAD4 
had the highest mutation frequency in the high-risk group 
(Fig. S1, Supplemental Digital Content, https://links.lww.com/

MD/Q517). The TMB for each tumor sample was calculated, 
revealing that TMB was significantly higher in the high-risk 
group compared to the low-risk group (P < .005, Fig. 6A). 
TMB levels were found to be significantly positively correlated 
with RS (P < .001, Fig. 6B). Drug sensitivity analysis revealed 
notable differences in drug sensitivity between the 2 groups: 
the low-risk group showed higher sensitivity to gemcitabine,  
navitoclax-gemcitabine, and oxaliplatin, while the high-risk 
group was more sensitive to paclitaxel (Fig. 6C).

3.8. Construction of the nomogram

Age, stage_N, stage_T, and RS were all substantially correlated 
with OS (P < .05), according to univariate Cox regression 

Figure 3.  Identification of molecular subtypes, survival analysis, and clinical correlations. (A) Cumulative distribution function (CDF) curve for consensus cluster-
ing. (B) Proportion of ambiguous clustering (PAC) analysis. (C) Consensus matrix heatmap of clustering at k = 2. (D) Kaplan–Meier survival curves of the identified 
subtypes. (E) Comparison of TIDE scores between subtypes. (F–I) Distribution of subtypes across clinical stage (F), primary tumor stage (T) (G), lymph node 
stage (N) (H), and metastasis stage (M) (I). CDF = cumulative distribution function, PAC = proportion of ambiguous clustering.

https://links.lww.com/MD/Q517
https://links.lww.com/MD/Q517
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analysis (Fig. 7A). RS (P < .001) was found to be an independent 
predictive factor for PAAD by multivariate Cox regression anal-
ysis (Fig. 7B). By integrating RS and stage_N (P < .005), a nomo-
gram was created (Fig. 7C). Patients were divided into high and 
low categories after scores were determined for each sample using 

the nomogram. The outcome was poorer for those in the high 
grouping (Fig. 7E). The nomogram achieved an AUC of 0.684 
for OS prediction, indicating modest-to-moderate discriminative 
ability (Fig. 7D). The nomogram’s strong prediction accuracy was 
further supported by calibration curve analysis (Fig. 7F).

Figure 4.  Immune infiltration analysis of the 2 subtypes. Relative abundance of immune cells was compared using different algorithms: (A) CIBERSORT, (B) 
quanTIseq, and (C) TIMER. Statistical significance: *P < .05, **P < .01, ***P < .001.
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4. Discussion
Patients at the same pathologic stage frequently have diverse 
results due to the complexity of PAAD therapy and prognosis. 
After therapy, some patients may experience a quick relapse, 
while others may survive for an extended period of time.[27,28] 
Thanks to developments in sequencing technology, genomes can 
now be sequenced and analyzed considerably more quickly to 
identify therapeutic targets for specific individuals. This may 
facilitate the identification of novel therapeutic targets and, 
in the long term, could contribute to improvements in prog-
nosis pending clinical validation.[29] To improve therapeutic 

approaches and clinical results, researchers have been concen-
trating on the genetic subtypes of PAAD in recent years.[12,13]

Based on alterations in ISGS activity, we classified PAAD 
patients in the TCGA dataset into 2 molecular subgroups for 
this investigation. These subtypes’ immune infiltration study 
revealed 6 different immune cell populations. Research has 
demonstrated that elevated macrophage counts are linked to 
worse survival and recurrence rates. This association may be 
explained by the stimulation of a pro-inflammatory response 
that results in tissue damage and changes the tumor microenvi-
ronment, which encourages tumor growth and metastasis.[5,30] 

Figure 5.  Identification of subtype-related DEGs and construction of a prognostic risk score (RS) model. (A) Volcano plot showing DEGs between subtypes. 
(B–C) Feature selection by LASSO regression. (D) Distribution of RS in TCGA cohort. (E) Kaplan–Meier survival analysis of TCGA cohort. (F) Receiver operating 
characteristic (ROC) curves evaluating RS performance in TCGA. (G–I) Validation of RS in GEO datasets: RS distribution (G), survival analysis (H), and ROC 
curves (I). DEGs = differentially expressed genes, GEO = gene expression omnibus, LASSO = least absolute shrinkage and selection operator, RS = risk score, 
TCGA = the cancer genome atlas, ROC = receiver operating characteristic.
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Because of their pro-tumorigenic properties in the tumor micro-
environment, which include promoting tumor development, 
metastasis, and immunosuppression, elevated neutrophil expres-
sion has been linked to poor clinical outcomes in a number of 
malignancies.[31] Important antigen-presenting cells, dendritic 
cells often activate the immune system and set off antitumor 
immune responses.[32] Nonetheless, immunosuppressive ele-
ments within the tumor microenvironment might compromise 
dendritic cell performance, impeding efficient antigen presenta-
tion and T-cell stimulation, ultimately diminishing the immune 
response against the tumor.[33] Because CD8 + T cells can iden-
tify and eliminate tumor cells, they are essential for antitumor 
immunity, and a positive expression of these cells is often linked 
to a favorable prognosis for cancer patients.[34,35]

Subtype 1 exhibited a lesser response to immunotherapy, 
according to a more thorough analysis of each subtype’s reaction 
to the treatment. Even though there were no appreciable differ-
ences between subtypes 1 and 2, there was a worse outcome for 
individuals with subtype 1 according to survival analysis. This 
implies that immune-related variables could be responsible for 
the variation in prognosis.

Furthermore, we created an RS model with moderate prog-
nostic prediction capabilities based on subtype-related DEG. 
Patients with lower overall survival (OS) who were classified 
as high risk based on the RS model may need more frequent 
follow-up to track the course of their disease. The GEO data-
set provided additional validation of the RS model’s prognostic 
value, demonstrating the model’s resilience and generalizability.

immune checkpoint blockade (ICB) therapies, such as 
anti-PD-1 and anti-PD-L1 medications, have demonstrated pos-
itive therapeutic responses and long-lasting disease remission 

in a subset of cancer patients.[36] But ICB treatment only helps 
a small percentage of patients.[37] Finding novel approaches to 
identify patients who could be susceptible to ICB treatment 
is therefore critically needed. PD-1/PD-L1 inhibitor response 
rates were greater in patients with high tumor mutational bur-
den (TMB) malignancies, according to a thorough review of 
27 tumors.[38] According to our research, patients at higher risk 
typically have higher TMB levels, which may indicate that ICB 
treatment will work better in these situations.

Additionally, we found that SMAD4 and TP53 commonly 
had mutations in pancreatic cancer, with the frequency of 
mutations being greater in high-risk samples than in low-risk 
ones. Two significant tumor suppressor genes are SMAD4 and 
TP53.[39] By controlling the expression of several genes, TP53 
suppresses tumor angiogenesis, preserves genetic stability, and 
encourages apoptosis.[40] SMAD4 Through the TGF-β signaling 
pathway, SMAD4 causes apoptosis in precancerous cells and 
blocks the tumor-promoting effects of pro-inflammatory cyto-
kines.[41] The prognosis for patients with pancreatic cancer who 
have mutations in TP53 and SMAD4 has been shown in related 
research,[42,43] which helps to explain why individuals in high-
risk groups have a worse prognosis.

Chemotherapy is still a cornerstone in the treatment of 
PAAD since it increases survival and enhances quality of life, 
particularly in advanced PAAD.[44] Medications such as gemcit-
abine, navitoclax, paclitaxel, and oxaliplatin are frequently uti-
lized.[45,46] In drug-sensitivity predictions suggested differential 
sensitivity between risk groups; however, whether these predic-
tions translate to differential clinical response requires exper-
imental validation and prospective clinical studies before they 
can inform treatment selection.

Figure 6.  Tumor mutation burden (TMB) and drug sensitivity analyses. (A) Comparison of TMB levels between high- and low-risk groups. (B) Correlation 
between TMB levels and RS. (C) Drug sensitivity analysis between high- and low-risk groups. RS = risk score, TMB = tumor mutation burden.
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Lastly, we found that RS was independently associated with 
OS in multivariate analysis. We therefore developed a nomo-
gram integrating RS and clinicopathologic variables to facilitate 
risk stratification. Although the nomogram showed accept-
able calibration and moderate discrimination in retrospective 
cohorts, its clinical utility and potential to guide individualized 
treatment should be evaluated in prospective studies.

In summary, we identified 2 PAAD subtypes based on ISGS 
activity and developed an RS model that is associated with 
overall survival. Integration of RS with clinicopathologic vari-
ables produced a nomogram with moderate predictive perfor-
mance. These results provide a framework for immune-focused 

stratification in PAAD and generate hypotheses for future trans-
lational and clinical validation.

We are aware of our study’s shortcomings, nevertheless. First, 
the robustness of our model has to be further confirmed in more 
independent cohorts, given our data originated from publicly 
available internet sources. Secondly, there is no experimental val-
idation for the expression and function of these ISGS in patient 
tissues. Subsequent research endeavors ought to go further into 
the interplay among these gene sets and verify our conclusions 
using experimental means. Additionally, the predictive perfor-
mance of the RS (AUC ≈ 0.73) and nomogram (AUC ≈ 0.68) 
was moderate; therefore, further refinement and prospective 

Figure 7.  Construction and evaluation of a prognostic nomogram. (A) Univariate Cox regression of clinical variables and RS. (B) Multivariate Cox regression 
confirming RS as an independent prognostic factor. (C) Nomogram integrating RS and clinical features to predict 1-, 2-, and 3-year survival. (D) Kaplan–Meier 
survival analysis stratified by nomogram. (E) ROC curves evaluating nomogram performance. (F) Calibration plots assessing agreement between predicted and 
observed survival. ROC = receiver operating characteristic, RS = risk score.
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validation in independent clinical cohorts are required before 
considering clinical implementation.
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