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Abstract 

Background: Systemic inflammatory indices derived from routine complete blood counts 
have been proposed as inexpensive biomarkers in gynecological malignancies. Their ability 
to discriminate tumor grade in endometrial cancer, however, has rarely been evaluated 
against routinely available clinical variables under rigorous validation. Methods: We retro-
spectively analyzed 225 women with endometrial cancer (166 low-grade, G1–G2; 59 high-
grade, G3). Nine inflammatory indices were computed. Four feature sets were compared 
using a prespecified elastic-net logistic regression under repeated nested cross-validation (5 
outer × 5 inner folds, 20 repetitions) with 5000 stratified bootstrap confidence intervals: a 
collinearity-reduced inflammatory panel, the full inflammatory panel, preoperative clinical 
variables (age, CA-125 and preoperative albumin), and their combination. Selection among 
nine classifiers was retained as an exploratory analysis. Because 66% of high-grade events 
were non-endometrioid, every analysis was repeated in three cohorts: the full cohort, endo-
metrioid tumors only, and the subgroup with assessed hormone receptor status. Histologic 
subtype was deliberately excluded because non-endometrioid carcinomas are high-grade 
by definition. Model behavior was interpreted with TreeSHAP and cross-checked against 
permutation importance. Results: Of nine inflammatory indices, only the eosinophil-to-
lymphocyte ratio remained statistically associated with grade after false discovery rate cor-
rection (AUC 0.626, 95% CI 0.543–0.705; q = 0.036), with all others showing negligible effect 
sizes (|r| < 0.08); its discrimination was nonetheless modest and insufficient for individual-
level prediction. The inflammatory panel achieved AUC 0.533 (95% CI 0.443–0.621), within 
the range attainable by chance in this design (permutation p = 0.254). Preoperative clinical 
variables reached AUC 0.687 (95% CI 0.590–0.772) in the full cohort but 0.390 (0.257–0.524) 
in endometrioid tumors alone and 0.627 (0.485–0.765) in the receptor-assessed subgroup. 
Adding inflammatory indices to clinical variables did not improve discrimination (ΔAUC = 
−0.025, 95% CI −0.062 to +0.012; one-sided upper bound +0.007 against a prespecified margin 
of +0.05). The results were unchanged under an alternative grade dichotomization and after 
excluding patients with inconsistent blood-count entries. Conclusions: Most inflammatory 
indices did not demonstrate clinically useful discrimination between G3 and G1–G2 disease 
in this cohort, and did not add incremental discriminative value beyond the prespecified 
margin over routinely available preoperative clinical variables. The apparent discrimination 
of the clinical variables in the full cohort did not survive restriction to endometrioid histol-
ogy, indicating that it reflected histologic composition rather than grade. Decision curve 
analysis on recalibrated probabilities showed that no model exceeded the treat-all strategy 
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at thresholds below the prevalence of high-grade disease, and that, above it, any advantage 
over treating no one was small in the full cohort and absent within endometrioid tumors. 

Keywords: endometrial neoplasms; neoplasm grading; systemic inflammation;  
neutrophil-to-lymphocyte ratio; machine learning; explainable artificial intelligence; 
SHAP 
 

1. Introduction 
Endometrial cancer is the most frequently diagnosed gynecological malignancy in 

developed countries and represents a substantial threat to women’s health [1]. Accurate 
staging and early diagnosis directly influence disease course and treatment success. 
Within this framework, tumor grade occupies a central position in clinical management, 
providing information about tumor aggressiveness and prognosis. 

Low-grade tumors generally follow a less invasive course, whereas high-grade tu-
mors may behave more aggressively and require more intensive treatment strategies [2,3]. 
Preoperative endometrial sampling remains the cornerstone of histological grading. Dis-
cordance between biopsy-based grade and final hysterectomy pathology is nonetheless 
consistently reported, with upgrading described in 3.6% of preoperative G1 and 11.4% of 
preoperative G2 tumors in one series of 335 endometrioid cancers [4]. Discordance in the 
opposite direction is also reported and remains clinically relevant: in a recent series of 
FIGO stage I endometrioid carcinomas graded high on preoperative biopsy, a substantial 
proportion proved low-grade on the hysterectomy specimen [5]. Readily available pre-
operative parameters capable of complementing biopsy findings may therefore contribute 
to preoperative risk stratification. 

The role of the systemic inflammatory response in cancer development and progres-
sion has become increasingly recognized. Hematological markers such as the neutrophil-
to-lymphocyte ratio (NLR), platelet-to-lymphocyte ratio (PLR), monocyte-to-lymphocyte 
ratio (MLR) and the pan-immune-inflammation value (PIV) have been investigated as 
prognostic indicators across several tumor types [6,7]. Because these markers are inexpen-
sive and derivable from a routine complete blood count, they have attracted considerable 
interest for clinical use. These reports address four distinct questions that are not inter-
changeable. The first concerns prognosis: meta-analyses in endometrial and gynecological 
cancer report associations between the systemic immune-inflammation index and sur-
vival endpoints [8,9], and single-center series report similar associations for the neutro-
phil-to-lymphocyte and platelet-to-lymphocyte ratios [10,11]. The second concerns diag-
nosis, that is, the discrimination of endometrial malignancy from benign uterine disease, 
where the indices perform moderately [7]. The third concerns association with clinico-
pathological features such as depth of myometrial invasion [12]. The fourth—preopera-
tive discrimination of G3 from G1–G2 disease—is the question of the present study; 
among the primary studies appraised in Supplementary Table S1, we found none that 
addresses it directly, grade-entering those reports as one covariate among several rather 
than as the prediction target. Across the primary studies appraised in Supplementary Ta-
ble S1, correction for multiple comparisons across the indices tested, formal assessment of 
multicollinearity among algebraically related indices, and nested or external validation of 
predictive models were frequently absent. Whether these markers carry information 
about tumor grade that is not already contained in routinely available clinical variables 
therefore remains an open question. 
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Machine learning (ML) algorithms can integrate multiple clinical and laboratory pa-
rameters and have been applied to risk assessment in endometrial cancer [13,14]. Explain-
able artificial intelligence (XAI) approaches, in particular SHAP (SHapley Additive exPla-
nations), render model decisions transparent and have been used to increase clinical trust 
in such models [15]. Importantly, explainability methods describe how a model uses its 
inputs; they do not establish that the model discriminates better than chance. Reporting 
feature attributions without first demonstrating adequate discrimination is a recurrent 
shortcoming in the applied XAI literature. 

The present study was designed as a direct comparison rather than as a model devel-
opment exercise. We asked three questions: (i) Do systemic inflammatory indices discrim-
inate high-grade from low-grade endometrial cancer? (ii) How does their performance 
compare with that of routinely available preoperative clinical variables? (iii) Do inflam-
matory indices add incremental discriminative value when combined with clinical varia-
bles? Analyses were conducted with explicit control of multiple comparisons, formal mul-
ticollinearity diagnostics, nested cross-validation, permutation-based null modeling, and 
SHAP-based explainability cross-validated by permutation importance. 

The aim of the present study is not to replace preoperative endometrial sampling but 
to ask whether clinical and hematological data already available before surgery can help 
estimate the probability that the hysterectomy specimen will show G3 rather than G1–G2 
disease. Preoperative biopsy grade is the current clinical standard and the relevant com-
parator throughout. 

2. Materials and Methods 
2.1. Study Design and Population 

This single-center, retrospective, cross-sectional study was conducted at the Depart-
ment of Obstetrics and Gynecology, Faculty of Medicine, Sivas Cumhuriyet University, 
Sivas, Türkiye. The study population comprised all consecutive women who underwent 
surgical treatment for endometrial cancer at this department between January 2011 and 
December 2021. All demographic, clinical, laboratory, and histopathological data were 
retrieved retrospectively from the hospital information management system and archived 
medical records. 

Women were eligible if they had a histopathologically confirmed diagnosis of endo-
metrial carcinoma, underwent surgery at the study center during the study period, and 
had a preoperative complete blood count on record. Patients of all histologic subtypes 
were included. Of the 226 patients identified, one was excluded because tumor grade was 
not reported in the final pathology report, leaving 225 patients for analysis (Figure 1). Tu-
mors were dichotomized according to the WHO 2020 classification of female genital tu-
mors [16] into low-grade (G1–G2; n= 166, 73.8%) and high-grade (G3; n = 59, 26.2%). No 
exclusion was applied for concomitant infection, corticosteroid use or chronic inflamma-
tory comorbidity because these variables were not systematically recorded; this is ad-
dressed in the Strengths and Limitations section. 

Complete blood count parameters used for the calculation of inflammatory indices 
were obtained from the last routine preoperative blood sample collected within seven 
days before surgery at the preoperative assessment performed once the decision to oper-
ate had been taken. Complete blood count parameters were measured on a Sysmex XN-
1000 automated hematology analyzer (Sysmex Corporation, Kobe, Japan). One further pa-
tient was excluded from the inflammatory feature sets because the differential leukocyte 
count was incomplete, leaving 224 patients with 59 high-grade events for those analyses. 
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Figure 1. Participant flow. Patients identified, reasons for exclusion, the analytic cohort, the number of 
patients contributing to each feature set, and the three cohorts in which every analysis was repeated. 

Estrogen and progesterone receptor status was determined on the hysterectomy 
specimen; receptor immunohistochemistry is not performed on preoperative biopsy or 
curettage material at the study center. These variables were therefore not available at the 
intended time of prediction and were not used as predictors in any model. The preopera-
tive variables eligible for model development are given in Table 1; these receptor variables 
are reported in Table 2 as descriptive characteristics. 

Table 1. Preoperative characteristics eligible for model development, by tumor grade. Continuous 
variables are given as mean ± SD when normally distributed and as median (interquartile range) 
otherwise. 

Characteristic Low-Grade (G1–G2) 
n = 166 

High-Grade (G3) 
n = 59 

p 

Age (years), n = 166/59 57.46 ± 9.69 65.12 ± 10.26 <0.001 *** 
CA-125 (U/mL), n = 162/58 16.28 (10.98–33.35) 20.30 (12.20–44.37) 0.087 
Preoperative albumin (g/dL), n = 133/48 4.23 (3.97–4.46) 4.03 (3.62–4.36) 0.035 * 

All variables in this table were eligible as candidate predictors in the preoperative models (Section 2.4). 
The inflammatory indices are reported separately in Table 3. Tests: Student’s t (age); Mann–Whitney 
U (CA-125, preoperative albumin). All tests two-sided. * p < 0.05; *** p < 0.001. Not corrected for mul-
tiple comparisons; correction was applied within the family of inflammatory indices (Table 3). 

Table 2. Postoperative and pathological characteristics, by tumor grade, reported for description only. 

Characteristic Low-Grade (G1–G2) High-Grade (G3) p 
Postoperative day-1 albumin (g/dL), n = 147/55 3.47 ± 0.44 3.11 ± 0.55 <0.001 *** 
Length of stay (days), n = 155/54 8.00 (7.00–11.00) 12.00 (8.00–19.75) <0.001 *** 
Total lymph nodes harvested, n = 146/54 29.57 ± 10.91 29.89 ± 15.28 0.888 
Pelvic lymph nodes harvested, n = 146/54 23.43 ± 8.35 21.17 ± 10.15 0.110 
Para-aortic lymph nodes harvested, n = 146/54 5.00 (2.25–8.00) 8.50 (3.00–12.75) 0.014 * 

https://doi.org/10.3390/diagnostics16182987


Diagnostics 2026, 16, 2987 5 of 22 
 

https://doi.org/10.3390/diagnostics16182987 

Lymphadenectomy performed, n = 166/58 146 (88.0%) 54 (93.1%) 0.275 
ER assessed and positive 131 (78.9%) 28 (47.5%) — 
ER not assessed 14 (8.4%) 23 (39.0%) — 
ER no record 21 (12.7%) 8 (13.6%) — 
PR assessed and positive 128 (77.1%) 27 (45.8%) — 
PR not assessed 17 (10.2%) 24 (40.7%) — 
PR no record 21 (12.7%) 8 (13.6%) — 

None of the variables in this table was eligible as a candidate predictor: postoperative albumin, 
length of stay, FIGO stage, nodal metastasis and omental involvement are consequences rather than 
antecedents of grade (Section 2.4), and hormone receptor status is determined on the hysterectomy 
specimen and is not available preoperatively (Section 2.1). Receptor status is reported as assessed, 
not assessed and no record rather than as positive and negative, because the coding contains no 
negative category and every assessed tumor was receptor-positive; no significance test is therefore 
reported. Tests: Welch t (postoperative day-1 albumin, total lymph nodes harvested); Student’s t 
(pelvic lymph nodes harvested); Mann–Whitney U (length of stay, para-aortic lymph nodes har-
vested); Pearson’s chi-square (lymphadenectomy). * p < 0.05; *** p < 0.001. 

The study protocol was approved by the Non-Interventional Clinical Research Ethics 
Committee of Sivas Cumhuriyet University (decision No. 2024/09-50, dated 19 September 
2024), and this study was conducted in accordance with the principles of the Declaration 
of Helsinki. This study was approved as a retrospective review of medical records and 
imaging archives; the requirement for written informed consent was waived on that basis, 
and the arrangements for confidentiality and pseudonymization are stated in the In-
formed Consent Statement. The approved protocol covered all patients who underwent 
surgery for endometrial cancer at the study center during the study period; the reference 
to endometrioid histology in the protocol title denotes the predominant subtype and was 
not applied as an eligibility criterion. This study is reported in accordance with the 
STROBE recommendations for observational studies [17] and the TRIPOD + AI statement 
for prediction models developed with regression or machine learning methods [18]. 

Table 3. Systemic inflammatory indices by tumor grade. Effect size is the rank-biserial correlation; 
positive values indicate higher levels in the high-grade group. AUC values are direction-corrected. 
q values were obtained by Benjamini–Hochberg correction within the family of nine indices. 

Index Low-Grade 
Median (IQR) 

High-Grade 
Median (IQR) 

Effect Size 
(Rank-Biserial r) 

AUC (95% CI) p 
q (BH–
FDR) 

NLR 2.87 (1.77–4.81) 2.64 (2.01–4.81) −0.010 0.505 (0.420–0.590) 0.906 1.000 

dNLR 2.12 (1.40–3.39) 1.99 (1.55–3.37) −0.040 0.520 (0.435–0.605) 0.650 1.000 

PLR 150.11 (115.55–212.99) 154.12 (121.86–271.14) +0.067 0.533 (0.446–0.621) 0.449 1.000 

MLR 0.23 (0.17–0.36) 0.24 (0.19–0.38) +0.075 0.537 (0.452–0.622) 0.394 1.000 

LMR 4.34 (2.75–5.95) 4.11 (2.65–5.28) −0.069 0.535 (0.449–0.620) 0.432 1.000 

SII 808.62 (505.43–1367.93) 701.06 (500.35–1781.97) +0.000 0.500 (0.412–0.588) 1.000 1.000 

SIRI 1.28 (0.72–2.84) 1.20 (0.80–2.61) +0.004 0.502 (0.418–0.586) 0.962 1.000 

PIV 350.12 (189.92–740.65) 346.15 (188.28–992.59) +0.028 0.514 (0.428–0.600) 0.749 1.000 

ELR 0.04 (0.02–0.08) 0.07 (0.04–0.10) +0.252 0.626 (0.545–0.707) 0.004 0.036 

Statistical tests. Group medians were compared with the Mann–Whitney U test, the distribution of 
every index departing from normality (Shapiro–Wilk), and effect sizes are reported as the rank-biserial 
correlation. Confidence intervals for the area under the curve were computed by the DeLong method. 
The false discovery rate was controlled across the family of inflammatory indices by the Benjamini–
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Hochberg procedure; q denotes the adjusted p value. All tests were two-sided at α = 0.05. Analyses 
were performed in Python 3.13.15 (scikit-learn 1.6.1, numpy 2.1.3, scipy 1.16.3, statsmodels 0.14.6). 

2.2. Data Preprocessing and Quality Control 

Patient identifiers were removed and replaced with sequential study numbers; the 
data were therefore pseudonymized rather than anonymized, and were handled under a 
signed confidentiality undertaking. Two data-quality problems were identified in the 
complete blood count. First, one patient had a white blood cell (WBC) count recorded as 
1324 × 103/µL, an evident decimal-shift error; the value was corrected to 13.24 × 103/µL, 
which was independently confirmed by the differential sum of that patient (13.23 × 103/µL). 
Second, in four patients, the absolute difference between the recorded WBC and the sum 
of the differential (neutrophils + lymphocytes + monocytes + eosinophils) exceeded 2 × 
103/µL. Because the cohort-wide median of this difference was 0.03 × 103/µL (basophil 
range), and because the neutrophil percentage computed against the differential sum fell 
within the cohort distribution in these patients, whereas the percentage computed against 
the recorded WBC did not, the WBC field rather than the differential components was 
judged erroneous, and WBC was recomputed as the differential sum. This is not an impu-
tation for derived NLR (dNLR) since dNLR ≡ N/(WBC − N) and WBC − N = L + M + E + 
basophils; the computation therefore reproduces the definition excluding basophils. This 
correction was applied before the collinearity diagnostics reported in Section 2.4. Missing 
data were handled by complete-case analysis within each analytic block, with the corre-
sponding n reported for every comparison. The number and proportion of missing values 
for each candidate predictor, and the joint missingness pattern, are given in Supplemen-
tary Table S2a,b; included and excluded patients are compared in Supplementary Table 
S2c. As a sensitivity analysis, the clinical and combined models were also fitted on all 
patients using multiple imputation by chained equations, with the imputation model fit-
ted inside each training fold so that held-out patients contributed nothing to imputation. 

2.3. Calculation of Inflammatory Indices 

Nine indices were computed from the preoperative complete blood count: NLR = 
N/L; dNLR = N/(WBC − N); PLR = P/L; MLR = M/L; LMR = L/M; SII = P × N/L [19]; SIRI = 
N × M/L; PIV = N × P × M/L [20]; and ELR = E/L, where N, L, M, E and P denote absolute 
neutrophil, lymphocyte, monocyte, eosinophil and platelet counts (×103/µL). The prog-
nostic nutritional index was not included: it incorporates serum albumin rather than being 
derived solely from the differential count, and albumin was missing in 44 patients, which 
would have reduced the complete-case sample for every panel containing it. 

2.4. Multicollinearity Diagnostics and Feature Sets 

Because all indices are algebraic functions of the same four cell counts (e.g., SII = PLR × 
NLR; PIV = SII × M; SIRI = NLR × M), severe multicollinearity was anticipated and formally 
assessed with variance inflation factors (VIFs) and the condition number (κ) of the stand-
ardized design matrix. In the full 14-variable panel, the maximum VIF was 660.4 and κ was 
110.3. Reduction proceeded in two stages: mathematically redundant variables were first 
removed by inspection (MLR, the reciprocal of LMR, Spearman’s |ρ| = 1.000; dNLR, alge-
braically redundant with NLR, both being ratios of the neutrophil count to a lymphocyte-
derived denominator; WBC, Spearman’s ρ = 0.952 with neutrophils; eosinophils, Spear-
man’s ρ = 0.932 with ELR), followed by greedy elimination until no VIF exceeded 10 while 
protecting NLR. The reduced panel had a maximum VIF of 8.36 and κ of 7.2. 

The variance inflation factor computation and the subsequent greedy elimination 
were performed once on the full design matrix, before cross-validation. Because these 
quantities are computed from the design matrix alone and are independent of the outcome, 
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no information about the grade of held-out patients enters the definition of the feature 
sets; unsupervised screening of this kind is generally accepted as not invalidating subse-
quent cross-validation [21]. The reduction was nonetheless repeated independently 
within each outer training fold, and the retention frequency of each variable is reported 
in Supplementary Table S4. 

Four feature sets were compared. Set A comprised the reduced inflammatory panel 
(neutrophils, lymphocytes, monocytes, platelets, NLR, LMR, PIV, ELR). Set A-full com-
prised the original 14-variable panel and was retained only for sensitivity analysis. Set B 
comprised preoperative clinical variables (age, CA-125 and preoperative serum albumin). 
Set C combined Sets A and B. Estrogen and progesterone receptor status were excluded 
for the reasons given in Section 2.1. With three candidate predictors and 48 events, the 
events-per-variable ratio for Set B is 16.0. 

Deliberate exclusions: Histologic subtype was excluded from all models. Serous and 
clear-cell carcinomas are classified as high-grade by definition in the WHO 2020 system; 
using subtype as a predictor of grade therefore constitutes tautological prediction and ar-
tificially inflates apparent model performance. In a post hoc check using the prespecified 
model under an otherwise identical procedure, adding histologic subtype to the preoper-
ative clinical set raised apparent discrimination from AUC 0.684 (95% CI 0.588–0.778) to 
0.772 (0.669–0.869); both values arise from that check and are not directly comparable with 
Table 4. Variables that are consequences of grade rather than antecedents—FIGO stage, 
lymph node metastasis, omental involvement, postoperative albumin, and length of 
stay—were likewise excluded to prevent outcome leakage. 

Table 4. Discrimination and calibration of the prespecified elastic-net model, by feature set and cohort. 

Cohort Feature 
Set 

n 
(Events) 

AUC-ROC (95% 
CI) 

AUC-
PR 

Bal-
anced 
Accu-
racy 

MCC Brier 

Preva-
lence-
Only 
Brier 

CITL Slope 

Full cohort Set A 224 (59) 0.533 (0.443–0.621) 0.300 0.514 0.025 0.251 0.194 −1.02 0.03 
 Set A-full 224 (59) 0.520 (0.432–0.609) 0.302 0.511 0.020 0.249 0.194 −1.00 0.08 
 Set B 181 (48) 0.687 (0.590–0.772) 0.461 0.614 0.226 0.225 0.195 −0.97 1.58 
 Set C 181 (48) 0.663 (0.562–0.752) 0.439 0.654 0.293 0.230 0.195 −0.99 1.36 
Endometrioid 
only Set A 182 (20) 0.592 (0.463–0.718) 0.142 0.559 0.074 0.221 0.098 −1.98 0.31 

 Set A-full 182 (20) 0.556 (0.436–0.674) 0.127 0.531 0.039 0.224 0.098 −1.98 0.22 
 Set B 147 (17) 0.390 (0.257–0.524) 0.095 0.454 −0.108 0.250 0.102 −2.01 −5.49 
 Set C 147 (17) 0.463 (0.328–0.601) 0.109 0.479 −0.027 0.234 0.102 −1.93 −0.28 
Receptor as-
sessed 

Set A 159 (28) 0.605 (0.481–0.723) 0.267 0.560 0.096 0.234 0.145 −1.49 0.36 

 Set A-full 159 (28) 0.594 (0.473–0.712) 0.250 0.569 0.114 0.233 0.145 −1.47 0.51 
 Set B 132 (24) 0.627 (0.485–0.765) 0.386 0.602 0.181 0.229 0.149 −1.45 1.82 
 Set C 132 (24) 0.624 (0.474–0.762) 0.342 0.618 0.191 0.220 0.149 −1.39 0.86 

Estimation procedure. Set A, reduced inflammatory panel (p = 8); Set A-full, full inflammatory panel 
(p = 14); Set B, preoperative clinical variables (p = 3); Set C, Sets A and B combined (p = 11); the 
variables of each set are listed in Section 2.4. Repeated nested cross-validation, twenty repetitions 
of a stratified five-fold outer loop with a stratified five-fold inner loop; 95% confidence intervals 
from 5000 stratified bootstrap resamples of pooled out-of-fold predictions. Classification thresholds 
were determined by the Youden index within each training fold and applied to the corresponding 
outer test fold. MCC, Matthews correlation coefficient; CITL, calibration-in-the-large; Slope, calibra-
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tion slope. Calibration values are those of the raw predictions; after logistic recalibration, the inter-
cept is 0 and the slope 1 by construction and the Brier score falls below the prevalence-only value in 
every row. 

Because non-endometrioid carcinomas are high-grade by definition, excluding sub-
type as a predictor does not by itself remove its influence: predictors correlated with sub-
type may carry the same information indirectly. All analyses were therefore repeated in 
three cohorts—the full cohort, endometrioid tumors only, and the subgroup in whom hor-
mone receptor status had been assessed—and the distribution of subtype by grade is re-
ported in Supplementary Table S5a. 

2.5. Statistical Analysis 

Normality was assessed within each group by the Shapiro–Wilk test and variance 
homogeneity by the Levene test. Continuous variables were compared with the Student 
or Welch t test when normality held in both groups (effect size: Hedges’ g) and with the 
Mann–Whitney U test otherwise (effect size: rank-biserial correlation). Categorical varia-
bles were compared with the Pearson chi-square test, or Fisher’s exact test when any ex-
pected cell frequency fell below five (effect size: Cramér’s V). The false discovery rate was 
controlled within the family of nine inflammatory indices using the Benjamini–Hochberg 
procedure [22]. Receiver operating characteristic analysis was performed with 95% confi-
dence intervals computed by the DeLong method [23]; optimal cut-off points were de-
rived from the Youden J index and sensitivity/specificity intervals from the Wilson score 
method. Two-sided α was 0.05. Analyses were performed in Python 3.13.15 (numpy 2.1.3, 
scipy 1.16.3, scikit-learn 1.6.1, statsmodels 0.14.6, shap 0.52.0). 

Because the primary hypothesis of this study is one of absence, non-significance was 
not treated as evidence of no effect. A non-superiority test against a discrimination margin 
was therefore performed. This is not an equivalence test: a single one-sided null hypoth-
esis is tested, namely that the area under the curve is at least 0.70, against the alternative 
that it is lower. The bootstrap is conditional on fixed out-of-fold predictions and therefore 
does not incorporate model-refitting variability, and this analysis is accordingly reported 
as an exploratory sensitivity analysis rather than as a confirmatory one. For each inflam-
matory index and for each model, the null hypothesis that the area under the curve is at 
least 0.70 was tested against the one-sided alternative that it is lower; a margin of 0.70 was 
adopted post hoc as the conventional lower bound of acceptable discrimination [24]. The 
incremental contribution of the inflammatory indices was assessed by the paired differ-
ence in area under the curve between the combined and the clinical model, restricted to 
patients with predictions from both models, against a margin of +0.05. One-sided 95% 
upper confidence bounds and p values were obtained from 5000 stratified bootstrap 
resamples of the out-of-fold predictions, with identical resampling indices applied to both 
models in the paired comparison; the paired result was cross-checked against the DeLong 
covariance estimate. The claim that no index in the family reaches the margin constitutes 
an intersection-union test, in which rejection requires every component test to reject and 
the type I error rate is therefore controlled at the nominal level without adjustment for 
multiplicity [25]; no correction was consequently applied to the non-superiority tests, in 
contrast to the Benjamini–Hochberg procedure used for the primary comparisons. 

The primary analysis uses a single prespecified algorithm rather than selection 
among several. Elastic-net logistic regression was chosen in advance for reasons specific 
to this dataset: the events-per-variable ratio ranges from 1.5 to 16.0 across feature sets and 
cohorts and is below ten for every set other than the preoperative clinical set in the full 
cohort; flexible algorithms require substantially more events than penalized regression to 
reach comparable performance [26]; and models developed from small samples by flexible 
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methods are unstable in the sense that individual predicted risks vary considerably across 
samples of the same size [27]. A shrinkage-based linear model is the appropriate default 
in this regime and removes the data-driven choice among algorithms as a source of opti-
mism. An elastic-net logistic regression was tuned over a two-dimensional grid of penalty 
strength and mixing parameter; the configuration retained was that with the best inner-
loop score, and the one-standard-error rule was examined separately as a sensitivity anal-
ysis (Section 3.6). Performance was estimated by five-fold outer cross-validation repeated 
twenty times with out-of-fold probabilities averaged over repetitions. The comparison 
among nine classifiers is retained as an exploratory analysis. 

2.6. Machine Learning 

Nine classifiers were evaluated: elastic-net logistic regression, radial-basis support 
vector machine, k-nearest neighbors, random forest, extremely randomized trees, 
XGBoost, LightGBM, CatBoost, and gradient boosting. The primary analysis used re-
peated nested cross-validation: a stratified five-fold outer loop for performance estimation 
and a stratified five-fold inner loop for hyperparameter search, repeated twenty times 
with out-of-fold probabilities averaged across repetitions. Imputation, standardization 
and hyperparameter selection were performed within each training fold and applied to 
the corresponding outer test fold. The classification threshold was likewise determined by 
the Youden index within each training fold and applied to the corresponding outer test 
fold; it was not selected after pooling out-of-fold predictions. The complete hyperparam-
eter specification, including the search grid, the number of configurations evaluated and 
the software versions used, is given in Supplementary Table S6. Performance was com-
puted from out-of-fold predicted probabilities pooled across outer folds, and 95% confi-
dence intervals were obtained from 5000 stratified bootstrap resamples. Class imbalance 
was addressed with class weighting rather than synthetic oversampling. Given the imbal-
ance (26.2% positive), the area under the precision–recall curve, balanced accuracy and 
the Matthews correlation coefficient are reported alongside AUC-ROC; raw accuracy is 
not since a model predicting the majority class for every patient attains 73.8%. Calibration 
was assessed by flexible calibration curves obtained by locally weighted scatterplot 
smoothing of the observed outcome against pooled out-of-fold predicted probability, to-
gether with the calibration intercept, the calibration slope and the Brier score [28]. Quan-
tile binning was not used: with 17 to 48 events depending on the cohort, decile bins would 
contain four or fewer events and the resulting curve would be dominated by sampling 
noise. The Hosmer–Lemeshow test is not reported since its power is low at this sample 
size and its result depends on an arbitrary grouping. Because class weighting inflates pre-
dicted probabilities systematically, and because net benefit is defined on the absolute 
probability scale, decision curve analysis [29] was performed on probabilities recalibrated 
by logistic recalibration of the out-of-fold predictions, and net benefit is reported with 
bootstrap confidence bands. 

To establish the performance attainable by chance in this design, the outcome labels 
were randomly permuted and the full modeling pipeline re-run; the 95th percentile of the 
resulting null AUC distribution is reported. Post hoc sample size requirements for detect-
ing a given AUC against the null of 0.50 were computed with the Hanley–McNeil variance 
approximation [30]. 

The exploratory comparison among nine classifiers is reported in Section 3.6 and Sup-
plementary Table S5b. In that analysis, the algorithm with the highest pooled out-of-fold 
AUC was identified for each feature set, which uses outer-fold performance and therefore 
carries selection optimism; the maximum across algorithms is an optimistically biased esti-
mate of the performance of any one of them, and it is presented on that understanding. 

https://doi.org/10.3390/diagnostics16182987


Diagnostics 2026, 16, 2987 10 of 22 
 

https://doi.org/10.3390/diagnostics16182987 

The decision the model is intended to inform is whether to proceed to comprehensive 
surgical staging with systematic pelvic and para-aortic lymphadenectomy, or to refer to a 
gynecologic oncology center, in a patient whose preoperative biopsy grade is low or in-
determinate; the staging decision and the risk groups it rests on follow current European 
guidance [31]. At a threshold probability p, decision curve analysis implies an exchange 
rate of p/(1−p): a clinician acting at p = 0.05 accepts nineteen unnecessary staging proce-
dures for each additional high-grade tumor identified, at p = 0.10 nine, at p = 0.20 four and 
at p = 0.40 approximately 1.5. The range 0.05 to 0.40 was chosen to span the clinically de-
fensible exchange rates, with the upper bound above the base rate of high-grade disease 
in the cohort, and the results are reported only within it [32]. 

2.7. Explainability Analysis 

For explanatory purposes, the best-performing tree-based model of the exploratory 
analysis in each feature set was refitted on the complete dataset and interpreted using Tree-
SHAP [33]. Because SHAP attributions are unstable in the presence of correlated features, 
feature rankings were cross-checked against permutation importance and the agreement 
between the two rankings quantified by the Spearman correlation. SHAP values were com-
puted with the shap package (version 0.52.0) using TreeExplainer with model_output = 
“raw”; the values are therefore on the log-odds scale and not on the probability scale. They 
quantify each feature’s contribution to the output of the fitted model for a given input and 
are properties of that model rather than of the underlying biology: they do not identify 
causal effects and do not correspond to adjusted associations of the kind a regression coef-
ficient would express. SHAP values were computed for explanatory purposes only; perfor-
mance estimates throughout are those from nested cross-validation. Standardized coeffi-
cients of the prespecified elastic-net model are reported alongside them. 

2.8. Use of Generative Artificial Intelligence 

During the preparation of this manuscript, the authors used Claude Opus 4.1 (An-
thropic PBC, San Francisco, CA, USA; accessed June–August 2026) for language editing, 
sentence-structure correction, and assistance with manuscript formatting and reference 
management. Artificial intelligence assistance was also used in debugging the Python 
analysis scripts; all code was reviewed, verified, and executed by the authors. All analyses 
reported in this article—data preprocessing, multicollinearity diagnostics, statistical test-
ing, nested cross-validation, non-superiority testing, calibration and decision curve anal-
ysis, and SHAP computation—were designed and executed by the authors in Python 
3.13.15 (numpy 2.1.3, scipy 1.16.3, scikit-learn 1.6.1, statsmodels 0.14.6, shap 0.52.0). No 
generative artificial intelligence tool was used for study design, data collection, data anal-
ysis, or the interpretation of the results, and no numerical result, table, or figure reported 
in this article was generated by such a tool. The authors reviewed and edited all output 
and are fully responsible for the content of this publication. 

3. Results 
3.1. Patient Characteristics 

Patients with high-grade tumors were significantly older (65.1 ± 10.3 versus 57.5 ± 9.7 
years; p < 0.001; Hedges’ g = 0.78). Hormone receptor status had been assessed in 159 of 
225 patients, and every assessed tumor was receptor-positive; the cohort therefore con-
tains no receptor-negative tumors. Receptor status had not been assessed in 37 patients 
and no record was available in a further 29. Assessment was less frequent in high-grade 
and in non-endometrioid tumors (Supplementary Table S7), and no significance test is 
reported for this variable since such a test would compare grade with whether the assay 
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was requested rather than with receptor status. Preoperative albumin was marginally 
lower in high-grade disease (p = 0.035), whereas the difference in postoperative albumin 
was pronounced (p < 0.001). CA-125 did not differ significantly (p = 0.087). Preoperative 
characteristics eligible for model development are summarized in Table 1 and postopera-
tive or pathological characteristics, reported for description only, in Table 2. 

3.2. Inflammatory Indices 

None of NLR, dNLR, PLR, MLR, LMR, SII, SIRI or PIV differed significantly between 
grade groups, with rank-biserial effect sizes below 0.08 in absolute value and areas under 
the curve between 0.50 and 0.54. The difference for SII was exactly null (p = 1.000). Only ELR 
retained statistical significance after false discovery rate correction (q = 0.036). Its discrimi-
nation was nonetheless modest—AUC 0.626 (95% CI 0.543–0.705), with a lower confidence 
bound close to chance—and the one-sided non-superiority bound of 0.694 lies close to the 
margin of 0.700, so that even the exclusion of clinically useful discrimination is marginal for 
this index. The associated cut-off was derived from the same cohort by the Youden index 
and is therefore optimism-prone. ELR is accordingly interpreted as an exploratory hemato-
logical index showing a statistical association with grade in this cohort, not as an independ-
ent or clinically useful predictive biomarker. The results are given in Table 3. 

3.3. Model Performance 

Performance of the prespecified model within each feature set and cohort is summa-
rized in Table 4. In the full cohort, the reduced inflammatory panel reached AUC 0.533 
(95% CI 0.443–0.621) and the full panel 0.520 (0.432–0.609), both with intervals spanning 
chance level. Preoperative clinical variables reached 0.687 (0.590–0.772) and the combined 
set 0.663 (0.562–0.752). The corresponding out-of-fold receiver operating characteristic 
curves are shown in Figure 2. 

The three-cohort structure changes the interpretation of these figures. Of 59 high-
grade events, 39 (66.1%) occurred in non-endometrioid tumors, and 92.9% of non-endo-
metrioid tumors were G3 (Supplementary Table S5a). Within endometrioid tumors, the 
preoperative clinical set reached AUC 0.390 (0.257–0.524) and within the receptor-as-
sessed subgroup, it reached 0.627 (0.485–0.765); in both cohorts, the confidence interval 
includes 0.50. The discrimination observed for clinical variables in the full cohort therefore 
does not survive restriction to a histologically homogeneous population. 

Permutation of the outcome labels with the full modeling pipeline gave a null distri-
bution with a mean of 0.499 and a 95th percentile of 0.586 for the inflammatory set against 
an observed 0.533 (permutation p = 0.254), and a mean of 0.495 with a 95th percentile of 
0.587 for the clinical set against an observed 0.687 (p = 0.005). A post hoc calculation indi-
cated that approximately 140 events, in around 534 patients at the case-to-control ratio of 
this cohort, would be required to distinguish an AUC of 0.58 from 0.50 with 80% power; 
the present cohort contains 59. 
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Figure 2. Out-of-fold receiver operating characteristic curves for the prespecified elastic-net model 
in each feature set, shown separately for the three cohorts. The dashed diagonal represents chance-
level discrimination (AUC = 0.50). 

Incremental Value of the Inflammatory Indices 

The contribution of the inflammatory panel over the preoperative clinical variables 
was assessed within the common complete-case population of each cohort on four scales. 
In the full cohort (n = 181, 48 events), the paired difference in area under the curve between 
the combined and clinical models was −0.025 (95% CI −0.062 to +0.012; two-sided p = 0.212), 
the DeLong test gave p = 0.190, the difference in Brier score was +0.005 and the difference 
in area under the precision–recall curve was −0.022. The one-sided upper bound of the 
paired difference was +0.007, which excludes the prespecified margin of +0.05. In the en-
dometrioid cohort, the paired difference was +0.074 (−0.097 to +0.243; p = 0.405), and in the 
receptor-assessed cohort, it was −0.004 (−0.103 to +0.092; p = 0.942). 

The negative point estimate in the full cohort does not establish that inflammatory 
variables reduce predictive performance: the confidence interval includes zero and the 
two-sided tests are not significant in any cohort. What the analysis supports is the nar-
rower conclusion that any incremental contribution is bounded below the smallest differ-
ence considered clinically relevant. 

3.4. Explainability 

In the exploratory tree model fitted to the preoperative clinical set, the largest mean 
absolute SHAP values, on the log-odds scale, were those of age (0.668), preoperative albu-
min (0.338) and CA-125 (0.315) (Figure 3). In the prespecified elastic-net model, the stand-
ardized coefficients were age +0.612, CA-125 +0.248 and preoperative albumin −0.086. These 
quantities describe how each model uses its inputs; they do not establish biological causality 
or independent prognostic effects, and they are not measures of discrimination. In the in-
flammatory model, ELR had the largest mean absolute SHAP value; this ranking describes 
a model whose discrimination is not distinguishable from chance and should not be inter-
preted as evidence of biological relevance. Feature attributions are given in Table 5. 

Table 5. Feature attributions. Mean absolute SHAP values are on the log-odds scale; standardized 
coefficients are those of the prespecified elastic-net model. 

Feature Set (Model) Feature Mean |SHAP| (Log-
Odds) 

Elastic-Net Standard-
ized Coefficient 

Set B—clinical (prespecified elastic net) Age 0.668 +0.612 
 Preoperative albumin 0.338 −0.086 
 CA-125 0.315 +0.248 
Set A—inflammatory (exploratory tree 
model) 

ELR 0.425 — 

 NLR 0.256 — 
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 PIV 0.233 — 
 LMR 0.226 — 
 Monocytes 0.191 — 
 Lymphocytes 0.185 — 
 Platelets 0.183 — 
 Neutrophils 0.158 — 

Attribution procedure. SHAP values were computed with TreeExplainer using model_output = 
“raw” and are therefore on the log-odds scale; values are the mean absolute contribution across 
patients. Standardized coefficients are those of the prespecified elastic-net model fitted to standard-
ized predictors. These attributions describe how each model uses its inputs and are not measures of 
discrimination; performance estimates throughout are those obtained by nested cross-validation 
(Table 4). Attributions for the inflammatory set are those of the exploratory tree model and are re-
ported for comparison with the submitted version; an em-dash indicates that no elastic-net coeffi-
cient applies, the inflammatory attributions being those of a tree model. 

 

Figure 3. SHAP beeswarm plot for the exploratory tree model fitted to the preoperative clinical set. 
Values are on the log-odds scale. Each point represents one patient; color encodes the feature value 
and the horizontal position the contribution to the model output. 

3.5. Calibration and Clinical Utility 

The raw predicted probabilities were systematically miscalibrated. Calibration-in-
the-large was −1.02 in the full cohort, −1.98 in the endometrioid cohort and −1.49 in the 
receptor-assessed cohort; in each case, this corresponds closely to the log-odds of the out-
come prevalence in that cohort, identifying class weighting as the cause. Discrimination 
is unaffected because the ranking of patients is preserved, but the Brier score is not: in the 
full cohort, it was 0.225 for the clinical set against 0.195 for a prevalence-only prediction. 
After logistic recalibration, the Brier score fell below the prevalence-only value in every 
cohort and feature set—0.177 against 0.195 for the clinical set—and calibration intercept 
and slope were 0 and 1 by construction (Figure 4). 

Decision curve analysis was therefore performed on the recalibrated probabilities 
(Figure 5). Below the prevalence of high-grade disease in each cohort—the range in which 
treat-all is the relevant comparator—no model exceeded treat-all. In the full cohort, the 
clinical model attained a net benefit of 0.183 at a threshold of 0.10 against 0.183 for treat-
all (difference −0.001, 95% CI −0.014 to +0.008) and 0.098 at 0.20 against 0.082 (difference 
+0.017, −0.025 to +0.054). Above the prevalence, treat-all becomes negative and treat-none 
is the relevant comparator; the clinical model retained a small positive net benefit in the 
full cohort (0.073 at a threshold of 0.30) but essentially none within endometrioid tumors 
(0.011 at the same threshold). Discrimination and clinical utility are distinct properties: a 
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model can rank patients better than chance and still add nothing over the strategies avail-
able without it, and that is the case here at every threshold at which treat-all is a live option. 

 

Figure 4. Flexible calibration curves for the prespecified elastic-net model. Rows correspond to the 
three cohorts and columns to the four feature sets. Red curves show the raw predicted probabilities, 
blue curves the probabilities after logistic recalibration, and the dashed diagonal perfect calibration. 
The red tick marks along the horizontal axis show the distribution of raw predicted probabilities. 
CITL, calibration-in-the-large (calibration intercept); slope, calibration slope. Both values are re-
ported for the raw probabilities; after recalibration they are 0 and 1 by construction, so the recali-
brated curves display only residual non-linear miscalibration. 

 

Figure 5. Decision curve analysis on recalibrated out-of-fold probabilities, shown separately for the 
full cohort, endometrioid tumors and the receptor-assessed subgroup. The shaded green band is the 
95% bootstrap confidence band for the preoperative clinical set, shown for that set alone so that the 
four curves remain distinguishable. The grey line represents the treat-all strategy and the horizontal 
black line the treat-none strategy; the threshold range shown is 0.05 to 0.40. 

3.6. Sensitivity Analyses 

Six sensitivity analyses were performed. First, complete exclusion of the four patients 
with inconsistent blood-count entries left all findings unchanged (for example, ELR: AUC 
0.627 versus 0.626 in the primary analysis). Second, an alternative dichotomization (G1 
versus G2–G3) was examined; despite an increase in the number of events from 59 to 92 
and improved class balance, no inflammatory index survived false discovery rate correc-
tion and the performance of the inflammatory set decreased, indicating that what limited 
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signal exists is specific to G3 tumors. Third, the collinearity reduction was repeated inde-
pendently within each outer training fold; lymphocytes, monocytes, neutrophils, platelets, 
NLR, ELR and LMR were retained in every one of 25 folds and PIV in 64%, reproducing 
the published Set A (Supplementary Table S4). Fourth, all feature sets were evaluated in 
the common complete-case population of each cohort (Supplementary Table S3). Fifth, the 
clinical and combined models were refitted on all patients using multiple imputation by 
chained equations within the cross-validation folds, giving AUC 0.693 (95% CI 0.608–0.774) 
in the full cohort against 0.687 for the complete-case analysis, and 0.397 against 0.390 in 
the endometrioid cohort (Supplementary Table S10). Sixth, the effect of the hyperparam-
eter selection rule was examined: under the one-standard-error rule, the penalty parame-
ter was selected at the lower bound of the search grid in 52% to 88% of folds, shrinking 
the coefficients almost to zero and redAUCucing the clinical set from AUC 0.690 to 0.642 
while raising its Brier score from 0.224 to 0.248 (Supplementary Table S9). The primary 
analysis therefore refits on the best inner-loop score. 

Non-superiority testing gave the following results: Against a margin of 0.70, the one-
sided 95% upper confidence bound fell below the margin for every inflammatory index 
and for both inflammatory models: 0.575 for SIRI, 0.577 for SII and for NLR, 0.591 for 
dNLR, 0.590 for PIV, 0.607 for LMR, 0.609 for PLR, 0.611 for MLR, 0.694 for ELR, 0.607 for 
the reduced panel, and 0.595 for the full panel (Supplementary Table S8). Since rejection 
of the family null requires every component test to reject, the null that some index in the 
family attains an area under the curve of 0.70 is rejected. The bound for ELR lies 0.006 
below the margin; so, the family-level conclusion would not survive a materially lower 
margin. The incremental contribution of the inflammatory indices is reported in the Incre-
mental Value of the Inflammatory Indices section. An exploratory comparison of nine 
classifiers across the four feature sets is shown in Figure 6. 

 

Figure 6. Exploratory comparison: discrimination of nine classifiers across four feature sets in the 
full cohort, shown as AUC with 95% bootstrap confidence intervals. The dashed line marks chance 
level (AUC = 0.50). Seventeen of the eighteen intervals in the two inflammatory sets include 0.50. In 
the preoperative clinical set, the best of the nine algorithms is the prespecified elastic net itself (AUC 
0.684 against 0.687 for the primary analysis). Because the algorithm shown for each feature set 
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would be selected on out-of-fold performance, these values carry selection optimism and are re-
ported as exploratory; numerical values are given in Supplementary Table S5b. 

4. Discussion 
In this cohort of 225 women with endometrial cancer, most systemic inflammatory 

indices did not demonstrate clinically useful discrimination between high-grade and low-
grade tumors. Preoperative clinical variables achieved moderate discrimination in the full 
cohort, but that discrimination did not survive restriction to endometrioid histology, and 
adding inflammatory indices to them did not provide incremental value beyond the pre-
specified margin. The model presented here is not intended to replace preoperative endo-
metrial sampling, which remains the clinical standard and the relevant comparator, but 
to ask whether preoperatively available blood and clinical data add anything to it. The 
finding was consistent across four independent analytic approaches: univariate testing 
with false discovery rate correction, receiver operating characteristic analysis, multivari-
able machine learning with nested validation, and sensitivity analysis under an alterna-
tive grade dichotomization. Routinely available clinical variables achieved moderate dis-
crimination, but adding inflammatory indices to them did not improve performance. 

Our results contrast with reports describing NLR, PLR and MLR as informative in 
endometrial and other gynecological cancers [6,7]. Several methodological differences 
may account for this divergence. Many published analyses evaluate multiple indices with-
out correction for multiple comparisons; in the present data, eight of nine indices lost sig-
nificance after Benjamini–Hochberg correction, and the single surviving index reached an 
AUC of only 0.626. Multicollinearity among these indices is rarely addressed, although 
they are algebraic transformations of the same four cell counts; variance inflation factors 
reached 660 in the unreduced panel here. Finally, the distinction between discriminating 
malignant from benign disease and discriminating grade within malignancy is often 
blurred. Systemic inflammation may well accompany the presence of a tumor without 
tracking its differentiation, and our negative result for grade is not in conflict with positive 
reports for the case–control question. 

This distinction between prognosis and grade is supported by the recent literature. 
Meta-analyses in endometrial and gynecological cancer report consistent associations be-
tween the systemic immune-inflammation index and survival endpoints, with pooled 
hazard ratios around two for overall and progression-free survival [8,9], and single-center 
series report similar associations for the neutrophil-to-lymphocyte and platelet-to-lym-
phocyte ratios [10]. These are prognostic questions, defined over time-to-event outcomes 
in patients whose disease burden is already established. Grade is a static histopathological 
property assigned at diagnosis, and the evidence that inflammatory indices track it is far 
weaker: a 2025 series of low-risk endometrial cancer found no association between the 
neutrophil-to-lymphocyte ratio and recurrence-free survival, whereas tissue-level im-
mune scores were associated with outcome [11], and a prospective multicentric study of 
163 women with FIGO 2023 stage I disease reported associations of the neutrophil-, mon-
ocyte- and platelet-to-lymphocyte ratios with depth of myometrial infiltration at border-
line significance levels [12]. Our result is therefore not in conflict with the prognostic lit-
erature; it delimits it. Systemic inflammation may accompany tumor burden without in-
dexing tumor differentiation. 

A third question must also be separated from ours. Several studies ask whether in-
flammatory indices distinguish endometrial malignancy from benign uterine disease, and 
there the indices perform reasonably: a study of 80 cancers and 74 benign controls re-
ported areas under the curve of 0.777, 0.675 and 0.698 for the neutrophil-, platelet- and 
monocyte-to-lymphocyte ratios, rising to 0.780 in combination [7]. That is a diagnostic 
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contrast between diseased and non-diseased uteri, not a gradation within a single malig-
nancy, and two features of such designs invite caution. The reported thresholds are un-
stable across the literature: optimal cut-offs for the neutrophil-to-lymphocyte ratio in en-
dometrial cancer have been placed anywhere between 2.02 and 4.68 across the studies 
reviewed in that report alone, each derived from the cohort in which it was applied. And 
case–control comparisons of this kind are vulnerable to confounding by age, which was 
roughly eight years higher in the malignant group of that study and was not adjusted for; 
age is itself the dominant clinical predictor in our data. Taken together, the literature sup-
ports a layered reading: inflammatory indices carry information about whether malig-
nancy is present and about how a diagnosed patient will fare, but not about how the tu-
mor is differentiated. 

The sample size available for this question deserves emphasis beyond the usual state-
ment of limitation. With 59 events and eight to fifteen candidate predictors, the number 
of events per predictor ranged from 3.2 to 8.2 across our feature sets, below the conven-
tional threshold of ten and well below the requirements derived from the formal criteria 
of Riley and colleagues [34,35]. A systematic review of prediction models developed with 
machine learning in oncology found that included studies fell short of the minimum re-
quired sample size by a median of around three hundred events, and that a sample size 
justification was reported in only one of thirty-six studies [36]. Simulation work has 
shown that flexible algorithms require substantially more events than logistic regression 
to reach comparable performance [26]. The practical consequence is instability: the model 
that emerges from a small development sample is one of many that could have emerged 
from a different sample of the same size, and an individual predicted risk may vary con-
siderably across that set [27]. We observed this directly. When the modeling was repeated, 
the algorithm selected as best differed across feature sets and across repetitions, even 
though the corresponding areas under the curve were close and their confidence intervals 
overlapped extensively. A single best model reported without this instability would over-
state the strength of the evidence. 

The exclusion of histologic subtype merits emphasis. Because serous and clear-cell 
carcinomas are high-grade by definition, adding subtype as a predictor of grade raised 
the apparent discrimination of the prespecified clinical model from AUC 0.684 to 0.772 in 
a post hoc check (Section 2.4). Reported model performance in comparable studies should 
be interpreted with this circularity in mind. 

The distribution of histologic subtypes deserves emphasis because it accounts for a 
substantial part of what the full-cohort analysis appears to show. Of 59 high-grade events, 
39 occurred in non-endometrioid tumors, and 92.9% of non-endometrioid tumors were 
high-grade. Serous, clear-cell and undifferentiated carcinomas are high-grade by defini-
tion; so, for two thirds of the events, the G3 versus G1–G2 contrast is a contrast between 
histologic subtypes rather than between grades within a single subtype. Excluding sub-
type as a predictor does not remove this influence because the remaining predictors carry 
the same information indirectly: mean age was 57.6 years in endometrioid and 67.4 years 
in non-endometrioid tumors, and receptor status had not been assessed in 12.0% of endo-
metrioid against 47.4% of non-endometrioid tumors. Consistently with this, the preoper-
ative clinical model fell from an area under the curve of 0.687 in the full cohort to 0.390 
within endometrioid tumors. Reported model performance in mixed-histology cohorts 
should be interpreted with this in mind. 

A further methodological point concerns explainability. SHAP attributions are com-
puted independently of model performance; a model that does not discriminate will still 
yield a feature ranking. Reporting such a ranking as a finding—as the identification of an 
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important biomarker—is not supported. We therefore report SHAP results for the inflam-
matory model together with the explicit statement that the underlying model is not distin-
guishable from chance, and we cross-validated all rankings against permutation importance. 

This concern is not ours alone. A recent methodological appraisal argues that ex-
plainable artificial intelligence does not necessarily produce insights relevant to medical 
decision-making, that its output is difficult to keep free of causal reading, and that it can 
generate misplaced trust in a model or, conversely, unwarranted dismissal of one whose 
explanations conflict with clinical expectation; trust, on this account, should rest on vali-
dation and impact studies rather than on attribution plots [37]. Our data illustrate the first 
failure mode concretely. The inflammatory model yields a coherent, readable feature 
ranking headed by the eosinophil-to-lymphocyte ratio, and that ranking would be indis-
tinguishable in presentation from one produced by a model that discriminates well. Only 
the accompanying performance estimate, and the permutation null against which it is 
compared, reveal that the ranking explains a model that is not distinguishable from 
chance. Feature attributions should therefore be reported downstream of discrimination, 
never in place of it. 

Our own analysis illustrates this. During the preparation of this revision, a variable 
that had ranked high in the attribution plot of an earlier specification was found on re-
turning to the source coding, not to record what its label described: the value we had read 
as a negative result denoted that the assay had not been requested, and non-assessment 
was concentrated in tumors that were already evidently non-endometrioid. The attribu-
tion was therefore to a data-collection artefact indexing histologic subtype, which is high-
grade by definition, and the variable has been removed from every model for the separate 
reason that it is not available before surgery (Section 2.1). Nothing in the attribution plot 
indicated any of this: the ranking was coherent, stable across resampling, and consistent 
with clinical expectation. Feature attributions must therefore be reported downstream not 
only of discrimination but of data provenance, and never in place of either. 

The clinical model, although statistically superior to the inflammatory models in the 
full cohort, provided no net benefit over the treat-all strategy at thresholds below the prev-
alence of high-grade disease once probabilities were recalibrated, and only a small ad-
vantage over treating no one above it—an advantage that disappeared within endometri-
oid tumors. Its discrimination likewise did not survive restriction to endometrioid histol-
ogy. Grade is in any case established preoperatively in routine practice by endometrial 
biopsy, which performs considerably better than any model presented here. The clinical 
relevance of a preoperative grade-prediction model based on blood parameters is there-
fore limited even where moderate discrimination is observed. Discrimination and clinical 
utility are distinct quantities and should be reported together rather than one standing for 
the other [38]. 

Strengths and Limitations 

The strengths of this study include correction for multiple comparisons, explicit multi-
collinearity diagnostics, nested cross-validation with bootstrap confidence intervals, permu-
tation-based null modeling, decision curve analysis on recalibrated probabilities, six sensi-
tivity analyses, and the deliberate exclusion of tautological and outcome-derived predictors. 

The principal limitations are the single-center retrospective design and the absence 
of external validation. With 59 events, this study is adequately powered to exclude clini-
cally useful discrimination but not to exclude a small true effect: a post hoc calculation 
indicates that approximately 140 events, in around 534 patients at the case-to-control ratio 
of this cohort, would be required to detect an AUC of 0.58. Blood counts were obtained 
preoperatively without systematic exclusion of concomitant infection, corticosteroid use 
or inflammatory comorbidity, which may add noise. Body mass index and diabetes status, 
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both of which influence inflammatory indices, were not available. Finally, the eosinophil-
to-lymphocyte ratio finding is based on a single cohort with an optimism-prone cut-off 
derived from the same data and requires independent replication before any interpreta-
tion. Two features of the non-superiority analysis should be read with caution. The mar-
gin of 0.70 was adopted post hoc rather than registered in advance, and the result for ELR 
is close to it: an upper bound of 0.694 against a margin of 0.700. The family-level conclu-
sion would therefore not survive a materially lower margin, and the bootstrap is condi-
tional on fixed out-of-fold predictions and does not incorporate model-refitting variability; 
both analyses are reported as exploratory. 

Hormone receptor status was determined on the hysterectomy specimen and was 
not available preoperatively; it was therefore excluded from all models, and the results 
reported here should be compared with the submitted version on that understanding. 

The interval between blood sampling and surgery could not be quantified from the 
analytic dataset. Systemic inflammatory indices are time-sensitive, and heterogeneity in 
this interval would add noise to every index examined—a limitation that acts against the 
detection of an association rather than creating one. 

Preoperative biopsy grade was not recorded in a form that could be extracted retro-
spectively; so, a direct comparison with the current clinical standard was not possible and 
the question of which patients are at risk of upgrading from biopsy to final pathology 
could not be addressed. That question is the more informative one clinically and is the 
appropriate design for prospective work. 

Selection into the complete-case analysis was associated with CA-125 (p = 0.002), lym-
phocyte count (p < 0.001) and NLR (p = 0.043), but not with the proportion of high-grade 
disease (p = 0.99) or of endometrioid histology (p = 1.00), and a multiple-imputation anal-
ysis on all patients gave results close to the complete-case analysis. 

Finally, a negative finding requires a different standard of evidence than a positive 
one. Non-significance alone establishes only absence of evidence; establishing evidence of 
absence requires that the effect be bounded away from a value considered relevant. We 
therefore tested non-superiority explicitly, against a margin of 0.70 for discrimination and 
of 0.05 for the incremental contribution of the inflammatory indices over the clinical vari-
ables. The claim that no index in the family reaches the margin is an intersection–union 
test, in which the null is rejected only if every component test rejects and the type I error 
rate is consequently preserved without adjustment for multiplicity [25]. What this design 
can exclude is discrimination of clinically useful magnitude; what it cannot exclude is a 
small true effect, for which a post hoc calculation indicates that approximately 140 events 
would be required. The appropriate reading of our result is therefore bounded: systemic 
inflammatory indices do not provide clinically useful discrimination of tumor grade in 
this setting, rather than that no association whatsoever exists. 

5. Conclusions 
Systemic inflammatory indices derived from routine complete blood counts did not 

demonstrate clinically useful discrimination between G3 and G1–G2 endometrial cancer 
in this cohort, and did not add incremental discriminative value beyond the prespecified 
margin over routinely available preoperative clinical variables. Age had the largest mean 
absolute SHAP value in the fitted clinical model, which nonetheless offered no advantage 
over the strategies available without it in decision curve analysis and lost its discrimina-
tion when the cohort was restricted to endometrioid histology. These results do not sup-
port the use of inflammatory indices for preoperative grade estimation in this setting; they 
bound the clinical usefulness of such indices rather than excluding any association be-
tween systemic inflammation and tumor grade. They also illustrate the importance of 
multiplicity control, multicollinearity diagnostics, nested validation, permutation-based 
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null modeling, calibration assessment and attention to data provenance when applying 
machine learning and explainability methods to small clinical datasets. 
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