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Objective: This study aimed to develop and validate a prognostic nomogram integrating systemic immune-inflammatory index (SII) 
and key clinicopathological features for predicting 2-, 3-, and 5-year overall survival (OS, primary surgery to all-cause death) in 
patients with Endometrial Cancer (EC), subgrouped into Survivors or Non-survivors, so as to address the unmet need for low-cost, 
dynamic risk stratification tools in EC precision medicine.
Methods: A retrospective cohort of 341 patients with EC (per WHO 2020 criteria) from January 2015 to January 2023 was stratified 
randomly into training (60%, n=205) and validation (40%, n=136) sets (stratification factors: age). Independent prognostic factors 
were identified through LASSO and multivariate Cox regression analyses. A nomogram was constructed and evaluated using ROC 
curves, calibration plots, and decision curve analysis (DCA). Key indicators included pathological differentiation grade, lymphovas
cular space invasion (LVSI), and systemic immune-inflammatory index (SII).
Results: Four independent predictors were identified: age (HR = 1.039, 95% CI: 0.994–1.086, P = 0.002), pathological differentiation 
grade (HR = 0.384, 95% CI: 0.188–0.786, P = 0.001), LVSI (HR = 4.208, 95% CI: 1.523–11.625, P = 0.001), and SII (HR = 1.001, 95% CI: 
1.001–1.002, P < 0.001). The nomogram demonstrated excellent discrimination, with AUCs of 0.881, 0.883, and 0.874 for 2-, 3-, and 5-year 
OS in the training cohort, and 0.870, 0.834, and 0.838 in the validation cohort.
Conclusion: This study successfully developed and validated a prognostic model for EC based on SII and pathological differentia
tion. The model significantly outperformed traditional clinical parameters and may serve as a valuable tool for early risk stratification 
and individualized management in clinical practice.
Keywords: endometrial cancer, prognosis, nomogram, systemic immune-inflammation index, overall survival, predictive model

Introduction
Endometrial cancer (EC) is the most common gynecological malignancy in developed countries and represents 
a significant public health burden globally. In 2020, an estimated 417,000 new cases were diagnosed worldwide, 
accounting for 4.5% of all cancers in women.1 Although the majority of patients are diagnosed at an early stage with 
favorable outcomes, a substantial subset experiences recurrence and poor survival, highlighting the need for improved 
prognostic stratification.2

EC is a heterogeneous disease influenced by hormonal, genetic, and environmental factors. Traditional prognostic 
assessment relies on the International Federation of Gynecology and Obstetrics (FIGO) staging, histological grade, and 
lymph node status.3 However, these parameters alone often fail to capture the dynamic interplay between tumor biology 
and host immune response, which plays a critical role in disease progression and treatment resistance.4

In recent years, systemic inflammatory markers derived from routine blood tests, such as the neutrophil-to- 
lymphocyte ratio (NLR), platelet-to-lymphocyte ratio (PLR), and systemic immune-inflammation index (SII), have 
emerged as promising prognostic indicators across various cancers.5–7 These indices reflect the balance between pro- 
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tumor inflammation and anti-tumor immunity, offering insights into the tumor microenvironment and patient immune 
status. Among them, SII—calculated as platelet count × neutrophil count/lymphocyte count—integrates three key cellular 
components and has shown superior prognostic value in several malignancies.8,9

Despite growing evidence, few studies have incorporated SII into a comprehensive prognostic model for EC that also 
integrates established clinicopathological variables. Existing prognostic tools often lack accessibility, rely on costly 
molecular testing, or fail to account for systemic inflammation.10,11 Therefore, there is a clear need for a readily applicable, 
cost-effective, and biologically informative prognostic model that can be implemented in routine clinical practice.

This study aimed to develop and validate a prognostic nomogram for EC based on SII and key clinicopathological 
features. We hypothesize that integrating inflammatory indices with traditional pathological factors will enhance 
prognostic accuracy and provide a practical tool for individualized patient management.

Method
Study Design and Patient Cohort
This was a single-center, retrospective cohort study conducted at Huizhou Central People’s Hospital. We reviewed the 
records of 448 consecutive patients diagnosed with EC who underwent primary surgical treatment between January 2015 
and January 2023. The study was approved by the hospital’s Ethics Committee (No. kyll2025081). Due to the retro
spective nature, the requirement for informed consent was waived. All enrolled patients were diagnosed in accordance 
with the diagnostic criteria for EC specified in the WHO Classification of Tumours of the Female Reproductive System 
(2020 Edition), confirmed by hysteroscopic biopsy combined with postoperative paraffin section pathological examina
tion. Pathological sections were independently reviewed by two senior gynecological pathologists using a double-blind 
method; in case of diagnostic discrepancy, consensus was reached through a departmental pathology conference.

Inclusion and Exclusion Criteria
Inclusion criteria were: (1) histopathological confirmation of EC post-surgery; (2) Underwent total hysterectomy 
combined with bilateral salpingo-oophorectomy or staging surgery (ovarian preservation permitted in select young 
patients after detailed evaluation); (3) availability of preoperative complete blood count (CBC) drawn within 
24–72 hours before surgery, with patients fasting and free from acute infection or stress; (4) complete clinical, surgical, 
pathological, and follow-up data. Exclusion criteria included: (1) other primary malignancies; (2) preoperative anti- 
cancer therapy; (3) active autoimmune or chronic inflammatory diseases; (4) significant hepatic/renal dysfunction; (5) 
incomplete records. After screening, 341 patients were enrolled.

Data Collection and Definitions
Data were extracted by two independent researchers. Clinical variables included age, BMI, comorbidities (hypertension, 
diabetes, coronary heart disease), and menstrual/reproductive history. Preoperative CBC was used to calculate inflammatory 
indices: NLR (neutrophils/lymphocytes), PLR (platelets/lymphocytes), LMR (lymphocytes/monocytes), and SII (platelets × 
neutrophils/lymphocytes). Pathological variables were obtained from final reports: FIGO stage (2009), histological type, 
tumor grade (G1/well, G2/moderate, G3/poor), myometrial invasion depth (<50% vs ≥50%), lymphovascular space invasion 
(LVSI), lymph node metastasis, and Ki-67 index. The primary endpoint was overall survival (OS), defined as the time from 
surgery to death from any cause. Patients alive at last follow-up (Dec 31, 2023) were censored.

Statistical Analysis
Statistical analyses were performed using SPSS 26.0 and R 4.4.1. The cohort was divided into a training set (60%, n=205) 
for model development and a validation set (40%, n=136) for internal validation using the method of age-stratified random 
sampling. The median age of the enrolled patients was 53 years, based on which the patients were stratified into two 
subgroups: ≤ 53 years and > 53 years. Within each stratum, random allocation was performed at a 6:4 ratio using the random 
number table method, so as to avoid model verification bias caused by age confounding and ensure the comparability of 
baseline risks between the two sets. The training and validation sets were partitioned at a 6:4 ratio to moderately expand the 
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validation set size for more robust evaluation of model generalization ability, while ensuring sufficient training set samples 
to support model development.12 Continuous variables were compared using t-tests or Mann–Whitney U-tests; categorical 
variables using chi-square or Fisher’s exact tests. In the training set, univariate Cox regression was performed for initial 
screening (P<0.10). To prevent overfitting and select the most relevant predictors, Least Absolute Shrinkage and Selection 
Operator (LASSO) regression with 10-fold cross-validation was applied. Variables with non-zero coefficients from LASSO 
were entered into a multivariate Cox proportional hazards model (backward stepwise, P<0.05 for retention). Based on the 
final Cox model, a prognostic nomogram was constructed. Model performance was evaluated by: (1) Discrimination: using 
time-dependent receiver operating characteristic (ROC) curves and calculating the area under the curve (AUC) at 2, 3, and 5 
years. (2) Calibration: using calibration plots comparing predicted and observed (Kaplan-Meier) survival probabilities. (3) 
Clinical utility: using decision curve analysis (DCA) to assess net benefit across a range of threshold probabilities. A two- 
tailed P-value <0.05 was considered significant.

Results
Patient Characteristics and Survival Outcomes
The final cohort comprised 341 EC patients with a median age of 53 years (IQR: 48–58). Most had endometrioid 
histology (89.7%) and early-stage (FIGO I–II) disease (94.7%). After a median follow-up of 52 months (IQR: 36–68), 42 
patients (12.3%) had died. Comparative analysis between survivors (n=299) and non-survivors (n=42) revealed sig
nificant differences in several key parameters (Table 1). Non-survivors were significantly older (median 58 vs 53 years, 
P=0.03), had a higher proportion of poorly differentiated tumors (52.4% vs 12.7%, P<0.001), more frequent lymphatic 
metastasis (19% vs 3.3%, P<0.001) and vascular tumor thrombus invasion (45.2% vs 17.4%, P<0.001). Regarding 
inflammatory markers, non-survivors had significantly higher median NLR (2.5 vs 2.0, P=0.048) and SII (752.2 vs 591.8, 
P=0.017). The training (n=205) and validation (n=136) sets were well-balanced for most baseline characteristics, with no 
significant differences except for lymph node metastasis (P=0.039) and depth of invasion (P=0.005) (Table 2).

Table 1 Summary of Clinically, Laboratory, and Pathological Parameters with Statistically Significant 
Differences Among the Study Groups (P < 0.05)

Survivor Group Non-Survivors Group Total P value

Total 299 42 341

Age 0.03
Median (IQR1) 53(47.5,57) 58(49,65) 53(48,58)

American Society of Anesthesiologists  

physical status classification (ASA)

0.931

Level 1 group 39(13) 5(11.9) 44(12.9)

Level 2 group 255(85.3) 36(85.7) 291(85.3)

Level 3 group 5(1.7) 1(2.4) 6(1.8)
Duration of surgery (hours) 0.195

Median (IQR) 3(1.8,4.2) 3.5(1.9,4.7) 3(1.8,4.2)

Hypertension 0.464
Absent 229(76.6) 30(71.4) 259(76)

Present 70(23.4) 12(28.6) 82(24)

Diabetes 0.595
Absent 262(87.6) 38(90.5) 300(88)

Present 37(12.4) 4(9.5) 41(12)

Coronary heart disease 0.41
Absent 296(99) 41(97.6) 337(98.8)

Present 3(1) 1(2.4) 4(1.2)

Age at menarche 0.606
Median (IQR) 15(13,16) 15(13,16) 15(13,16)

(Continued)
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Table 1 (Continued). 

Survivor Group Non-Survivors Group Total P value

Regularity of menstruation 1

Absent 13(4.3) 1(2.4) 14(4.1)
Present 286(95.7) 41(97.6) 327(95.9)

Menopause 0.055

Absent 154(51.5) 15(35.7) 169(49.6)
Present 145(48.5) 27(64.3) 172(50.4)

Maternal history 0.382

Absent 13(4.3) 0(0) 13(3.8)
Present 286(95.7) 42(100) 328(96.2)

Height 0.715

Median (IQR) 156(153,159) 156(152,159) 156(153,159)

Weight 0.719

Median (IQR) 59(53,65) 57.5(52.1,63.2) 59(53,65)

Hemoglobin 0.645

Median (IQR) 127(111.5,135) 123.5(113,135.2) 127(112,135)

Alanine Aminotransferase (ALT) 0.431
Median(IQR) 16(12,21) 17.5(12,23) 16(12,22)

Aspartate Aminotransferase (AST) 0.138

Median (IQR) 18(14.7,21) 19(15,24) 18(15,21)
Anion Gap (AG) 0.67

Median (IQR) 11.3(8.8,14) 10.8(8.9,14) 11.1(8.8,14)

Creatinine 0.628
Median (IQR) 63(56,72) 63(55.2,76.8) 63(56,72)

Blood Urea Nitrogen (BUN) 0.252

Median (IQR) 4.5(3.7,5.3) 4.8(3.9,5.9) 4.6(3.7,5.3)

Total cholesterol 0.193

Median (IQR) 4.9(4.1,5.7) 5.2(4.5,6) 4.9(4.2,5.7)

Glucose 0.734
Median (IQR) 5.4(5,6) 5.4(5.1,6.3) 5.4(5,6.1)

Cancer Antigen 125 (CA125) 0.074

Median (IQR) 19.2(12.7,30) 21(16.1,40.1) 19.4(13,31.7)

Cancer Antigen 199 (CA199) 0.295

Median (IQR) 14.9(8.2,26.7) 16.7(9.7,34.4) 15.2(8.3,27)

Lactate Dehydrogenase (LDH) 0.73

Median (IQR) 194(165,229.5) 193.5(178,223) 194(168,229)

Pathological differentiation degree <0.001

Poorly differentiated (Grade 3) 38(12.7) 22(52.4) 60(17.6)
Moderately differentiated (Grade 2) 198(66.2) 12(28.6) 210(61.6)

Well differentiated (Grade 1) 63(21.1) 8(19) 71(20.8)

Grade 0.013
1 272(91) 34(81) 306(89.7)

2 14(4.7) 1(2.4) 15(4.4)

3 13(4.3) 7(16.7) 20(5.9)

(Continued)
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Table 1 (Continued). 

Survivor Group Non-Survivors Group Total P value

Lymphatic Metastasis <0.001

Absent 289(96.7) 34(81) 323(94.7)
Present 10(3.3) 8(19) 18(5.3)

Vascular invasion <0.001

Absent 247(82.6) 23(54.8) 270(79.2)
Present 52(17.4) 19(45.2) 71(20.8)

Invasion Depth 0.094

Shallow 246(82.3) 30(71.4) 276(80.9)
Deep 53(17.7) 12(28.6) 65(19.1)

Ki-67 0.032

Median (IQR) 40(20,70) 50(30,70) 40(20,70)
NLR 0.048

Median (IQR) 2(1.6,2.8) 2.5(1.7,3.6) 2(1.6,2.8)

PLR 0.404

Median (IQR) 141.9(106,178.9) 144.1(112.6,220.2) 141.9(106.6,183.5)

LMR 0.445

Median (IQR) 4.4(3.4,5.6) 4.2(3,5.6) 4.4(3.4,5.6)

SII 0.017

Median (IQR) 591.8(429.9,850.9) 752.2(463.7,1250.2) 605.8(430.2,879.9)

Notes: 1Interquartile Range.

Table 2 Comparison of Baseline Characteristics Between the Training Cohort and the Validation 
Cohort

Test Train Total P value

Total 136 205 341

Age 0.997
Mean (SD) 53.1(8.4) 53.1(8.3) 53.1(8.3)

ASA 0.445

Level 1 group 21(15.4) 23(11.2) 44(12.9)
Level 2 group 112(82.4) 179(87.3) 291(85.3)

Level 3 group 3(2.2) 3(1.5) 6(1.8)

Duration of surgery (hours) 0.198
Median (IQR) 2.7(1.7,4.4) 3.2(1.8,4.2) 3(1.8,4.2)

Hypertension 0.939

Absent 103(75.7) 156(76.1) 259(76)
Present 33(24.3) 49(23.9) 82(24)

Diabetes 0.905

Absent 120(88.2) 180(87.8) 300(88)
Present 16(11.8) 25(12.2) 41(12)

Coronary heart disease 0.652
Absent 134(98.5) 203(99) 337(98.8)

Present 2(1.5) 2(1) 4(1.2)

Age at menarche 0.955
Median (IQR) 15(13,16) 15(13,16) 15(13,16)

(Continued)
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Table 2 (Continued). 

Test Train Total P value

Regularity of menstruation 0.745

Absent 5(3.7) 9(4.4) 14(4.1)
Present 131(96.3) 196(95.6) 327(95.9)

Menopause 0.452

Absent 64(47.1) 105(51.2) 169(49.6)
Present 72(52.9) 100(48.8) 172(50.4)

Maternal history 0.638

Absent 6(4.4) 7(3.4) 13(3.8)
Present 130(95.6) 198(96.6) 328(96.2)

Height 0.985

Median (IQR) 157(153,159) 156(153,159) 156(153,159)

Weight 0.208

Median (IQR) 58.8(52.4,64) 60(53,65) 59(53,65)

Hemoglobin 0.767

Median (IQR) 128(112,135.2) 127(111,135) 127(112,135)

ALT 0.149
Median (IQR) 16(13,22) 15.9(11,21.3) 16(12,22)

AST 0.156

Median (IQR) 19(16,22) 17.7(14,21) 18(15,21)
AG 0.511

Median (IQR) 11(9,13.7) 11.5(8.8,14) 11.1(8.8,14)

Creatinine 0.061
Median (IQR) 61.5(55.8,67.2) 65(57,74) 63(56,72)

BUN 0.659

Median (IQR) 4.5(3.7,5.3) 4.6(3.7,5.3) 4.6(3.7,5.3)

Total cholesterol 0.671

Median (IQR) 5(4.1,5.7) 4.9(4.4,5.9) 4.9(4.2,5.7)

Glucose 0.985
Median (IQR) 5.4(5,6.1) 5.5(4.9,6) 5.4(5,6.1)

CA125 0.754

Median (IQR) 19.5(13.8,30.1) 19.2(12.7,32.6) 19.4(13,31.7)

CA199 0.493

Median (IQR) 15.7(10.1,29.6) 15.1(8.1,25.6) 15.2(8.3,27)

LDH 0.747

Median (IQR) 195(171.8,229) 193(168,229) 194(168,229)

Pathological differentiation degree 0.166

Poorly differentiated (Grade 3) 28(20.6) 32(15.6) 60(17.6)
Moderately differentiated (Grade 2) 86(63.2) 124(60.5) 210(61.6)

Well differentiated (Grade 1) 22(16.2) 49(23.9) 71(20.8)

(Continued)
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Predictor Selection and Multivariate Cox Regression Analysis
In the training set, univariate Cox analysis identified several potential predictors for OS. Subsequently, LASSO 
regression (Figures 1A and B) was employed for variable selection, which adopted 10-fold cross-validation to determine 
the optimal penalty parameter λ for minimizing partial likelihood deviance, further reducing the risk of model overfitting; 
this approach narrowed down 12 candidate variables to a more parsimonious set. These selected variables were then 
entered into the multivariate Cox proportional hazards model. The final model identified four independent prognostic 
factors for OS (Table 3): age (HR = 1.039, 95% CI: 0.994–1.086, P = 0.002), pathological differentiation grade (with 
poorer differentiation associated with worse survival; HR = 0.384, 95% CI: 0.188–0.786, P = 0.001), lymphovascular 
space invasion (LVSI; HR = 4.208, 95% CI: 1.523–11.625, P = 0.001), and systemic immune-inflammation index (SII; 
HR = 1.001, 95% CI: 1.001–1.002, P < 0.001). Notably, NLR did not retain independent significance in the final 
multivariate model (P = 0.0502).

Nomogram Construction and Performance Validation
Based on the four independent predictors, a prognostic nomogram was constructed to provide individualized estimates of 
2-, 3-, and 5-year overall survival probabilities (Figure 2). Each predictor is assigned a score on the “Points” scale; the 
sum of these scores corresponds to a total point value, which is then projected downward to the survival probability axes. 
The model demonstrated strong discriminatory ability. In the training cohort, the AUCs for predicting 2-, 3-, and 5-year 

Table 2 (Continued). 

Test Train Total P value

Grade 0.573

1 123(90.4) 183(89.3) 306(89.7)
2 7(5.1) 8(3.9) 15(4.4)

3 6(4.4) 14(6.8) 20(5.9)

Lymphatic Metastasis 0.039
Absent 133(97.8) 190(92.7) 323(94.7)

Present 3(2.2) 15(7.3) 18(5.3)

Vascular invasion 0.316
Absent 104(76.5) 166(81) 270(79.2)

Present 32(23.5) 39(19) 71(20.8)

Invasion Depth 0.005
Shallow 120(88.2) 156(76.1) 276(80.9)

Deep 16(11.8) 49(23.9) 65(19.1)

Ki-67 0.187
Median (IQR) 40(20,60) 40(20,70) 40(20,70)

NLR 0.277

Median (IQR) 2.1(1.6,2.9) 2(1.6,2.8) 2(1.6,2.8)
PLR 0.759

Median (IQR) 141.7(111.6,184.1) 142.9(106.2,175.5) 141.9(106.6,183.5)

LMR 0.35

Median (IQR) 4.3(3.3,5.5) 4.4(3.5,5.6) 4.4(3.4,5.6)

SII 0.501

Median (IQR) 605.3 (418.1,876.2) 609.5 (450.4,883.5) 605.8(430.2,879.9)

Follow-up Outcome 0.207

Alive 123(90.4) 176(85.9) 299(87.7)
Dead 13(9.6) 29(14.1) 42(12.3)
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OS were 0.881 (95% CI: 0.739–1.000), 0.883 (95% CI: 0.799–0.968), and 0.874 (95% CI: 0.771–0.978), respectively 
(Figure 3A). In the validation cohort, the model maintained robust performance with corresponding AUCs of 0.870 (95% 
CI: 0.748–0.991), 0.834 (95% CI: 0.723–0.945), and 0.838 (95% CI: 0.696–0.980) (Figure 3B).

Calibration plots for both the training and validation sets showed good agreement between the nomogram-predicted 
survival probabilities and the actual observed outcomes (Kaplan-Meier estimates) at 3 and 5 years, with the calibration 
curves closely aligning with the ideal 45-degree line (Figures 4A and B). Decision curve analysis (DCA) further 
confirmed the clinical utility of the nomogram. The DCA curves (Figures 5A–F) demonstrated that across a wide 
range of threshold probabilities (risk thresholds where a clinician would consider intervention), the use of this nomogram 
to guide decisions provided a higher net benefit compared to the strategies of “treating all patients” or “treating none,” in 
both the training and validation cohorts at 2, 3, and 5 years.

Figure 1 LASSO Regression for Variable Selection in Prognostic Modeling. (A) Log(λ)-Regularized Shrinkage Curves of Candidate Variables’ Coefficients (B) Trend Plot of the 
Relationship between Log(λ) and Binomial Deviance (Including 95% Confidence Intervals). (A) illustrates the relationship between the logarithmic value of λ (Logλ) and component 
coefficients, which are plotted against the logarithmically transformed regularization parameter (log(λ)). Curves in distinct colors correspond to the variation tendencies of 
coefficients for different components as a function of the logarithmic value of λ. (B) illustrates the relationship between the logarithm of λ (Log(λ)) and the binomial deviance, 
specifically depicting the process of selecting the optimal tuning parameter via 10-fold cross-validation. The red curve distinctly delineates the variation trend between the two 
variables, with the 95% confidence interval band (gray shaded region) and vertical dashed lines corresponding to two critical u values concomitantly annotated in the figure.

Table 3 Multivariate Cox Proportional Hazards Regression Model Analysis of 
Independent Predictors for Overall Survival

SE Wald P HR 95% CI 95% CI

Age 0.0186 3.13 0.0018 1.039 0.994 1.086

ASA 0.6943 1.35 0.1768 2.49 0.662 9.367
Coronary heart disease 36.4498 −0.11 0.9114 27.137 2.197 335.164

ALT 0.0236 −1.27 0.2031 0.957 0.957 1.012

CA125 0.0019 1.14 0.2540 1.002 0.998 1.007
Pathological 

differentiation degree

0.3247 −3.27 0.0011 0.384 0.188 0.786

Grade 0.2707 0.61 0.5432 1.363 0.721 2.578
Lymphatic Metastasis 0.4858 1.55 0.1216 1.852 0.56 6.126

Vascular invasion 0.4783 3.25 0.0011 4.208 1.523 11.625

NLR 0.0907 1.96 0.0502 1.152 0.949 1.399
SII 0.0003 6.16 <0.0001 1.001 1.001 1.002
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Figure 2 Nomogram of the predictive model.

Figure 3 Receiver Operating Characteristic (ROC) Curves for Assessing the Discriminative Performance of the Prognostic Model. (A) ROC curve of the training set. (B) 
ROC curve of the validation set. The horizontal axis denotes “1-specificity” (ie, false positive rate), while the vertical axis corresponds to “sensitivity” (ie, true positive rate). 
The area under each curve (AUC) serves as an indicator of the model’s capacity to differentiate between positive and negative instances, with an AUC value approaching 1 
signifying superior model performance.
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Discussion
This study developed and validated a prognostic nomogram for endometrial cancer that integrates systemic immune- 
inflammation index (SII) with key clinicopathological variables—age, pathological differentiation grade, and lymphovascular 
space invasion (LVSI). The core objective of this research is to bridge the gap between traditional empirical prognosis and 
precision medicine practice, providing a cost-effective, widely accessible tool for individualized risk stratification that 
facilitates targeted treatment decision-making, especially in healthcare settings with limited access to high-throughput 
molecular testing.13 The model demonstrated robust predictive performance, with AUCs exceeding 0.83 across both training 
and validation cohorts, underscoring its potential as a clinically useful tool for individualized prognosis.

The incorporation of SII into the prognostic framework represents a significant advancement over traditional models that rely 
solely on pathological staging. SII, derived from routine complete blood counts, reflects the dynamic interplay between systemic 
inflammation and immune competence. Elevated SII indicates a pro-tumor inflammatory milieu characterized by increased 
neutrophils and platelets alongside decreased lymphocytes, which collectively promote tumor progression, angiogenesis, and 
immune evasion.14,15 In our cohort, SII emerged as a strong independent predictor of survival (HR = 1.001, P < 0.001), consistent 
with growing evidence supporting its prognostic value in EC and other solid tumors.16,17 The biological plausibility of SII lies in 
its ability to capture the immunosuppressive tumor microenvironment, where neutrophils and platelets facilitate metastasis 
through cytokine secretion and epithelial-mesenchymal transition, while lymphopenia reflects impaired anti-tumor 
immunity.18,19 Importantly, SII can be obtained preoperatively, postoperatively, and during follow-up, enabling longitudinal 
monitoring to complement clinicopathological staging.

Age retained its prognostic significance in our model (HR = 1.039, P = 0.002), consistent with prior studies highlighting 
older age as a risk factor for poorer outcomes in EC.20 Beyond chronological age, biological aging involves immune 
senescence, characterized by diminished T-cell function, reduced immune surveillance, and increased inflammatory cytokine 
production—a phenomenon often termed “inflammaging”.21 In EC, older patients exhibit altered tumor immune microenvir
onments with fewer tumor-infiltrating lymphocytes and higher regulatory T-cell infiltration, which may compromise response 
to therapy and facilitate recurrence.22 Thus, age in our model may serve as a surrogate for host immune resilience and 
therapeutic tolerance, reinforcing the need for age-stratified management approaches—a key tenet of precision oncology that 
prioritizes tailored interventions to balance treatment efficacy and safety across diverse patient subgroups.

Figure 4 Calibration curves for the training and validation sets. (A) Calibration curve of the training set. (B) Calibration curve of the validation set. The horizontal axis of the graph 
denotes the risk probability predicted by the model, while the vertical axis corresponds to the actual proportion. The graph illustrates the discrepancies between observed values 
and predicted values across each group. An ideally calibrated curve should lie close to the diagonal line (gray line). The red curve represents the actual predicted probability of the 
model, the blue curve denotes the probability after bias correction, and the black dashed line indicates the perfect prediction under ideal circumstances. The predictive accuracy of 
the model can be assessed via this calibration curve; the closer the curve is to the diagonal line, the superior the model’s predictive performance.
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Figure 5 Decision Curve Analysis (DCA) for the Prognostic Model in the Training and Validation Cohorts. (A and B) 2-year DCA of training set and validation set. (C and D) 
3-year DCA of training set and validation set. (E and F) 5-year DCA of training set and validation set. These curves assess the net benefits of the proposed model across varying 
high-risk thresholds. The curve denoted as “Model” corresponds to the net benefits derived from the model in question. “All” denotes the net benefits under the scenario 
where all patients are subjected to intervention, while “None” refers to the net benefits in the context where no patients receive intervention.
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Pathological differentiation grade was another critical determinant of prognosis, with poorly differentiated tumors 
(Grade 3) associated with significantly worse survival (HR = 0.384, P = 0.001). This aligns with established literature 
linking high-grade histology to aggressive tumor biology, including molecular features such as p53 mutations, micro
satellite instability, and copy-number alterations.23 The Cancer Genome Atlas (TCGA) classification further underscores 
the prognostic relevance of histological grade, with high-grade tumors often falling into the “copy-number high” or “p53- 
mutant” subgroups, which exhibit poor outcomes despite adjuvant therapy.24 Our model leverages this well-validated 
parameter while augmenting it with inflammatory and host factors, thereby providing a more holistic risk assessment. 
Conspicuously, this integration enables the model to act as a preliminary screening tool for identifying patients at high 
risk of harboring adverse molecular subtypes, guiding subsequent targeted molecular testing and personalized therapeutic 
allocation—a strategy that aligns with the goals of pharmacogenomics in driving precision medicine.25

Perhaps the most potent predictor in our nomogram was lymphovascular space invasion (LVSI), which conferred 
a fourfold increased risk of mortality (HR = 4.208, P = 0.001). LVSI represents a critical step in the metastatic cascade, 
enabling tumor cells to enter systemic circulation and colonize distant sites.26 Its presence is strongly correlated with lymph 
node metastasis, deep myometrial invasion, and higher recurrence rates.27 Mechanistically, LVSI involves degradation of 
vascular basement membranes by matrix metalloproteinases and platelet-mediated protection of circulating tumor cells from 
immune attack.28 The inclusion of LVSI in our model underscores the importance of local invasiveness and metastatic 
potential in determining prognosis, complementing systemic inflammatory and host factors. From the perspective of non- 
coding RNA research—an emerging frontier in EC precision oncology—LVSI and its associated metastatic potential are 
tightly regulated by non-coding RNAs such as microRNAs (miRNAs) and Y RNAs. For instance, circulating miRNAs have 
been shown to modulate EC cell invasiveness and LVSI formation,29 while Y RNAs are increasingly recognized as key 
regulators of tumor metastasis and potential molecular targets.30 Given that biomarker-informed pathways (eg, fertility- 
sparing decision-making) may carry clinical and legal consequences when evidence is insufficient or practice is inconsistent, 
these emerging ncRNA markers should be translated through analytically validated assays and guideline-concordant use to 
minimize unwarranted variability in care.13,29 Future studies could explore the correlation between our model’s core predictors 
(eg, LVSI, SII) and specific non-coding RNA signatures, thereby enhancing the molecular mechanistic basis of the nomogram 
and identifying novel therapeutic targets.

When compared to previously published prognostic tools, our nomogram offers several advantages. Unlike models 
that require specialized molecular testing or costly biomarkers, all components of our nomogram are routinely available 
in clinical practice.31,32 Furthermore, by integrating inflammatory indices, our model captures the host-tumor interaction 
—a dimension often overlooked in traditional staging systems. Notably, integrative strategies that combine inflammation- 
related indices with molecular stratification are being explored across multiple malignancies; within EC, the value of our 
approach lies in its feasibility for repeated measurement and its potential to complement—rather than replace—molecular 
classifiers in individualized risk-adapted management.13,16,17 The strong performance of our nomogram across both 
training and validation cohorts supports its robustness and potential for broad applicability, which is crucial for advancing 
precision medicine in resource-limited settings.13 In pharmacogenomics-driven care, our model may help inform risk- 
adapted, guideline-concordant postoperative management, our model may help inform risk-adapted, guideline- 
concordant postoperative management by identifying patients who warrant intensified multidisciplinary discussion and 
prioritized molecular testing, while potentially sparing low-risk patients from overtreatment; prospective validation is 
required before treatment-selection claims can be made.25

Nevertheless, several limitations warrant consideration. The retrospective, single-center design may limit general
izability, and external validation in multi-institutional cohorts is needed. Inflammatory markers such as SII are non- 
specific and can be influenced by infections, comorbidities, or medications, which were not fully adjusted for in this 
analysis. Additionally, the model does not incorporate molecular classifiers (eg, POLE, MSI, p53 status), which are 
increasingly relevant in EC prognostication.33 Future iterations could integrate such molecular data—including circulat
ing miRNAs and Y RNAs—to further refine risk stratification and strengthen its relevance to precision medicine.30 

Finally, dynamic changes in SII during treatment and follow-up were not assessed; serial measurement could enhance 
predictive accuracy and allow for real-time risk adaptation.
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Despite these limitations, our nomogram provides a pragmatic and biologically informed tool for prognostication in 
EC. By combining easily obtainable inflammatory and pathological variables, it facilitates individualized risk assessment 
and supports clinical decision-making regarding adjuvant therapy, surveillance intensity, and patient counseling. 
Importantly, the clinical translation of rapidly evolving therapeutic innovations—including genome editing–enabled 
approaches—requires robust governance, clearly defined evidence standards, and guideline development to ensure safe 
and equitable implementation. In the absence of such oversight, practice variability may increase, and clinical decisions 
that depart from evidence-based pathways can carry downstream medico-legal implications, underscoring the need for 
guideline-aligned governance, validation standards, and multidisciplinary oversight. Future prospective studies should 
validate its utility in diverse populations and explore its integration with emerging biomarkers (eg, non-coding RNAs), 
gene editing technologies, and imaging modalities.

Conclusion
We developed and validated a prognostic nomogram for endometrial cancer that integrates systemic immune- 
inflammation index with key clinicopathological factors. The model demonstrated high predictive accuracy for overall 
survival and offers a clinically feasible, cost-effective tool for risk stratification. By incorporating both tumor-related and 
host-related parameters, it provides a more comprehensive prognostic assessment than traditional staging systems. Future 
research should focus on external validation and integration with molecular profiling to further enhance its precision and 
clinical relevance.
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