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 Endometriosis has been linked to disturbances in iron metabolism; however, the 

association between circulating ferritin concentrations and prevalent endometriosis 

remains uncertain. We aimed to examine the association between serum ferritin 

concentrations and self-reported physician-diagnosed endometriosis and to evaluate 

machine-learning models for classifying endometriosis status.  This cross-sectional 

study included 4,448 women aged ≥18 years from the 1999–2006 National Health 

and Nutrition Examination Survey, of whom 316 reported a physician diagnosis of 

endometriosis. Survey-weighted multivariable logistic regression and restricted 

cubic spline analyses were used to evaluate the association between serum ferritin 

concentrations and the prevalence odds of endometriosis. Following feature 

selection, decision tree, naïve Bayes, random forest, and support vector machine 

models were developed using a 70:30 training-test split and evaluated using 10-fold 

cross-validation. Model discrimination was assessed using the area under the 

receiver operating characteristic curve, and SHAP analysis was used to examine 

feature contributions.  Serum ferritin concentrations were higher among participants 

with self-reported physician-diagnosed endometriosis than among those without 

endometriosis. After multivariable adjustment, participants in the highest ferritin 

quartile had significantly higher odds of reporting physician-diagnosed 

endometriosis than those in the lowest quartile (adjusted OR, 2.19; 95% CI, 1.28–

3.74). Restricted cubic spline analysis suggested a nonlinear association between 

serum ferritin and endometriosis (P for nonlinearity = 0.001). Among the four 

machine-learning models, the random forest model showed the highest 

discrimination, with an AUROC of 0.862.  Higher serum ferritin concentrations 

were positively associated with self-reported physician-diagnosed endometriosis. 

The random forest model showed promising internal discrimination; however, 

prospective studies and external validation are required before the model can be 

considered for clinical application. 
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INTRODUCTION 

 

Endometriosis is characterized by the atypical growth 

of endometrial tissue in locations beyond the confines of 

the uterine cavity, often affecting the ovaries, pelvic 

region, and additional remote organs. (Girling, 2024). 

This condition affects roughly 10% of women in their 

reproductive years and is the primary contributor to 

chronic pelvic pain and infertility (Paiva et al., 2015; 

Shafrir et al., 2018; Zondervan et al., 2020; Gete et al., 

2024; Harder et al., 2024) and carries a potential risk of 

malignant disease (Mishra et al., 2020; Shigetomi et al., 

2022).  

Recent evidence suggests that external factors, 

including viral infections such as SARS-CoV-2, may also 

influence female reproductive outcomes and laboratory 
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parameters related to fertility  (Hu et al., 2024). Diagnosis 

is often delayed by 7-10 years due to the non-specific 

symptoms and limitations in imaging sensitivity and 

specificity (Zhang et al., 2023; Shaukat et al., 2025). The 

current rASRM staging system, which relies on 

laparoscopy (Zondervan et al., 2020; De Corte et al., 

2025), lacks early identification markers for high-risk 

cases, highlighting the critical necessity for non-invasive, 

readily accessible, and easily interpretable screening 

modalities. Endometriosis is now acknowledged not only 

as an estrogen-dependent chronic inflammatory condition 

but also as a disorder linked to systemic irregularities in 

iron metabolism. Mounting evidence suggests that 

disturbances in iron metabolism may serve as systemic 

drivers influencing the progression of the disease 

(Shigetomi et al., 2022; Liu et al., 2023; Kang et al., 

2024; Huang et al., 2025). 

Iron is an essential element for all living organisms, 

and intracellular iron homeostasis pertains to the 

equilibrium among iron uptake, iron efflux, utilization, 

and storage. An overload of iron can increase the risk of 

tissue injury and development of cancer (Duan et al., 

2024; Liu et al., 2024). Ferritin is a cellular protein 

essential for the export of cellular iron to sustain this 

equilibrium. A total of approximately 4500 iron atoms can 

be bound by this protein, which consists of two subunits: 

ferritin light chain and ferritin heavy chain 1. The ferritin 

complex effectively sequesters trivalent iron (Fe3+) that is 

not successfully reduced to ferrous iron (Fe2+) by divalent 

metal transporter 1 (DMT1) to mitigate the risk of 

oxidative damage caused by the Fenton reaction  

(Hassannia et al., 2019; Liu et al., 2023). The Fenton 

reaction is a biochemical process that generates reactive 

oxygen species (ROS). It produces hydroxyl radicals 

within cellular environments. This reaction occurs when 

ferrous iron (Fe2+) interacts with hydrogen peroxide 

(H2O2), resulting in the production of hydroxyl radicals 

(OH). Disruption of iron homeostasis causes intracellular 

or extracellular accumulation of free iron. Excess iron 

triggers the Fenton reaction, leading to oxidative damage 

to DNA, lipid, and cell membrane (Toyokuni, 2002; Liu 

et al., 2024). It also affects parenchymal organs like the 

liver, pancreas, kidneys, and heart (Liu et al., 2022). 

Ferritin is subject to phagocytosis, a process that is 

modulated by nuclear receptor coactivator 4 (NCOA4), 

which aids in the controlled release of stored Fe2+ as 

required. Nevertheless, an overabundance of Fe2+ released 

from serum ferritin has the potential to initiate the Fenton 

reaction, thereby possibly resulting in ferroptosis 

(Santana-Codina et al., 2022; Liu et al., 2023). Above 

process promote inflammation (Li et al., 2022; Zhang et 

al., 2024) and oxidative stress (Hayashi et al., 2020; 

Zhang et al., 2022), which both of which subsequently 

play a significant role in the advancement of 

endometriosis (Ngô et al., 2009; Zhang et al., 2024a). 

Although iron overload and ferroptosis have been 

extensively researched (Kobayashi et al., 2024; Luo et al., 

2024), the role of serum ferritin, a iron storage protein, in 

endometriosis remains insufficiently investigated. Previous 

studies indicated elevated ferritin levels in endometriosis 

tissue, highlighting its role as a key biomarker in disease 

pathogenesis (Luque-Ramírez et al., 2007; Liu et al., 2022; 

Xu et al., 2023). The prevalence of endometriosis and 

serum ferritin concentrations are positively correlated in the 

NHANES database (Xu et al., 2023).  

A previous cross-sectional analysis of NHANES data 

reported positive nonlinear associations between serum 

ferritin concentrations, transferrin saturation, and prevalent 

endometriosis. However, the relative contribution of serum 

ferritin within multivariable machine-learning classification 

models, alongside sociodemographic, reproductive, and 

other iron-related variables, remains incompletely 

characterized.  To address this gap, we examined the 

association between serum ferritin concentrations and the 

prevalence odds of self-reported physician-diagnosed 

endometriosis among women participating in NHANES 

1999–2006 (Brulport et al., 2024). 

We additionally developed and internally evaluated 

machine-learning models for classifying self-reported 

endometriosis status and applied SHAP analysis to 

assess the relative contribution of serum ferritin and 

other model features. Given the cross-sectional design, 

these analyses were intended to characterize associations 

with prevalent endometriosis and classification 

performance rather than to predict future disease onset 

(Avery et al., 2024). 

 

MATERIALS AND METHODS 

 

Data sources and test populations: The National Health 

and Nutrition Examination Survey (NHANES) is a biennial 

initiative carried out by the Centers for Disease Control and 

Prevention (CDC). The dataset utilized in this research was 

obtained from the National Center for Health Statistics 

(NCHS) and includes information from four NHANES 

cycles spanning 1999 to 2006. From the initial cohort of 

41,474 individuals, we excluded male participants 

(n=20,264) and individuals under 18 (n=8,406). We also 

excluded cases with missing endometriosis data from 

interviews (n=6,301) and those with incomplete data on 

serum iron, serum ferritin, total iron-binding capacity, 

transferrin saturation, and other key covariates (n=1,109). 

The outcome variable was endometriosis diagnosis, based 

on participants’ self-reported physician diagnoses. 

Participants who met these criteria were classified as the 

Endometriosis group. All other participants were included 

in the non-Endometriosis group. Only records with 

complete Endometriosis information were retained, 

resulting in a final analytic sample of 4,448 women—316 

with Endometriosis and 4,132 without. In Figure 1, the 

selection methodology is illustrated.  
The study protocol was approved by the NCHS 

Ethics Review Committee, and all participants provided 

written informed consent. The NHANES data are de-

identified and publicly available, so this study is exempt 

from additional IRB review. 

 

Exposure and outcome variables: Serum Iron: Fasting 

venous blood samples were collected from participants. 

Serum iron concentration (μg/dl) is measured directly in 

serum using a colorimetric method based on the 

ferrozine reaction (NHANES Laboratory Data Files: 

LAB06 for 1999-2000, L40FE for 2001-2002, L40FE 

for 2003-2004, FETIB for 2005-2006). This approach 

measures the amount of iron bound to transferrin in the 

bloodstream.  
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Fig. 1: Flow-chart of the NHANES study participants.

 

Serum Ferritin: Serum ferritin concentrations were 

reported in ng/mL. In the 1999–2002 cycles, ferritin was 

measured using the Bio-Rad QuantImune Ferritin 

immunoradiometric assay (IRMA). During the 2003–

2004 cycle, samples collected in 2003 were initially 

measured using the Bio-Rad assay, whereas samples 

collected in 2004 were measured using an 

immunoturbidimetric assay on the Roche/Hitachi 912 

analyzer. Ferritin measurements in 2005–2006 were also 

obtained using the Roche/Hitachi immunoturbidimetric 

method. To harmonize measurements across assay 

methods, ferritin values obtained using the Bio-Rad 

assay in 1999–2002 were converted to the Roche/Hitachi 

scale using the piecewise linear regression equations 

recommended by NHANES: for Bio-Rad ferritin values 

≤25ng/mL, adjusted ferritin = 1.2534 × ferritin + 1.4683; 

for values >25 to ≤65ng/mL, adjusted ferritin = 

1.2001×ferritin + 1.4693; and for values >65ng/mL, 

adjusted ferritin = 1.0791×ferritin + 4.8183. The 2003 

ferritin values in the released NHANES 2003–2004 file 

had already been harmonized to the Roche/Hitachi scale. 

No additional assay conversion was applied to the 2004–

2006 Roche/Hitachi measurements. 

Total Iron-Binding Capacity (TIBC): TIBC (μmol/L), 

reflecting the total amount of iron that transferrin can 

bind, was measured using a two-step assay. The first step 

involved saturating transferrin with iron, followed by 

removing unbound iron. The bound iron was then released 

and measured using a ferrozine colorimetric assay 

(NHANES Laboratory Data Files: LAB06 for 1999-2000, 

L40FE for 2001-2002, L40FE for 2003-2004, FETIB for 

2005-2006).  

Transferrin Saturation: Transferrin saturation (TSAT, 

%) was calculated by dividing serum iron by TIBC and 

then multiplying by 100 (TSAT = (serum 

Iron/TIBC)×100%).  

Extensive quality assurance details are accessible on 

the NHANES website. Before each survey session, the 

instruments are carefully calibrated and rigorously tested 

for quality control. 

Participants of NHANES from 1999-2006 

(n=41,474) 

Female individuals age≥18 

(n=11,858) 

Individuals of Endometriosis  

(n=5,557) 

Excluded: 

Individuals of male (n=20,264) 

Individuals age <18 (n=8,406) 

Excluded: 

Missing data of Endometriosis (n=6,301) 

Participants included in the enrolled analysis 

(n=4,448) 

Endometriosis 

(n=316) 

Non-Endometriosis 

(n=4,132) 

Excluded: 

Missing data of incomplete information 

(n=1,109) 
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The diagnosis of endometriosis was established based 

on responses to questions from the Reproductive Health 

(RHQ) (variable name prefix RHQ360): (1) Has a doctor 

or other health professional ever told you that you had 

endometriosis? Participants were then categorized as 

having endometriosis or not, based on their Yes or No 

answers to a series of questions.  

 

Covariates: To minimize confounding, the analysis 

accounted for a range of sociodemographic and clinical 

variables. Covariates included race, educational level, 

smoking status, alcohol consumption status, poverty-to-

income ratio (PIR), body mass index (BMI), history of 

oral contraceptive use (ever used birth control pills), 

pregnancy history (ever been pregnant), and marital 

status. Age was categorized into three brackets: 18–45, 

46–60 and >60 years, while BMI was categorized as 

underweight (<18.5kg/m²), normal weight (18.5–

24.9kg/m²) and overweight or obese (≥25.0kg/m²). PIR 

was stratified as <1.0, 1–3 and >3.0 to reflect economic 

status. Age, serum iron, and total iron-binding capacity 

were also treated as continuous covariates in the 

regression models. Variable definitions and measurement 

protocols, detailed in the NHANES documentation, were 

followed in this study. 

Household pet exposure variables were derived from 

the HOQ questionnaire, including indicators for dogs, 

cats, and small furry animals in the household currently 

(HOQ260A–C) and within the past 12 months 

(HOQ280A–C). All datasets were merged at the 

participant level using the unique identifier SEQN across 

survey cycles. For analysis, a composite binary exposure 

variable (ANY_PET) was created, defined as the presence 

of any household pet based on positive responses across 

HOQ260A–C or HOQ280A–C. 

 

Statistical analysis: Due to NHANES’s complex 

multistage sampling strategy, all statistical analyses 

incorporated sampling weights to ensure population-level 

representativeness and reduce potential estimation bias. 

Participants were classified into two groups: those with 

endometriosis and those without endometriosis. Continuous 

variables are summarized using the median and 

interquartile range (IQR), whereas categorical variables are 

expressed in terms of counts and percentages. For group 

comparisons, the Wilcoxon rank-sum test (also known as 

the Mann-Whitney U test) and Pearson’s chi-square test 

were utilized. Unweighted counts and descriptive 

summaries were reported to characterize the actual analytic 

sample and provide transparency regarding the number and 

distribution of observed participants. Survey-weighted 

estimates were considered the primary results for 

population-level inference because they account for the 

complex NHANES sampling design. 

To assess the association between serum ferritin 

concentrations and the odds of self-reported physician-

diagnosed endometriosis, we fitted three survey-weighted 

logistic regression models.  In these models, endometriosis 

was the dependent variable, while serum ferritin and 

various covariates served as independent variables. Three 

logistic models were included: Model 1 (unadjusted), 

Model 2 (adjusted for age and race) and Model 3 (fully 

adjusted for sociodemographic and clinical factors 

including educational attainment, PIR, alcohol use, 

smoking, BMI, use of birth control pills, pregnancy status, 

marital status, serum iron, and TIBC. Serum ferritin 

quartiles were analyzed to assess dose-response trends (P 

for trend). Subgroup analyses using Model 3 were 

performed to evaluate consistency across different strata 

and test for interactions. To explore potential nonlinear 

associations, we applied RCS models for serum ferritin 

across all three models. Furthermore, RCS regression was 

performed for age and fertility strata to assess these 

nonlinear patterns among diverse populations. 

Machine learning methods are more suitable for 

analyzing large-scale data than traditional statistical 

methods. These approaches facilitate the automatic 

enhancement of model efficacy by employing strategies 

such as parameter tuning and cross-validation (Li et al., 

2023; Wang et al, 2024; Guo et al., 2025). Machine 

learning technology demonstrates high performance 

across various domains (Guo et al., 2024; Guo et al., 

2025). In the present investigation, we constructed a 

predictive model for endometriosis using carefully chosen 

variables. The Minimum Absolute Shrinkage and 

Selection Operator (Lasso) was utilized to pinpoint and 

choose essential features that significantly contribute to 

the predictive model. Conversely, the Boruta algorithm 

serves as a powerful feature selection method grounded in 

the principles of random forest analysis. It evaluates the 

relevance of the initial features by juxtaposing their 

importance scores with those of the shadow features (Tan 

et al., 2025). We selected the variables related to the 

prediction through Lasso regression and Boruta algorithm. 

Due to the imbalance of the samples, we first screened the 

relevant variables and then adjusted the data using the 

SMOTE over-sampling method. Next, we standardized 

the features. Afterwards. The dataset was randomly 

partitioned into two distinct subsets. One subset, 

comprising 70% of the data, was designated as the 

training set to construct the predictive models. The 

remaining 30% was reserved as the test set to evaluate 

model performance (Zuo et al., 2025). Four machine 

learning algorithms—Decision Tree, Naive Bayes, 

Random Forest, and Support Vector Machine (SVM)—

were developed using the training dataset to build and 

evaluate prediction models estimating the likelihood of 

endometriosis occurrence (Paiva et al., 2015). Internal 

validation was executed through 10-fold cross-validation. 

Confusion matrices were utilized to evaluate the models. 

Additionally, SHAP analysis was implemented to enhance 

the interpretability of the models by identifying the 

significance of each feature and elucidating the rationale 

behind the decisions made.  

All statistical analyses were performed using the 

DecisionLinnc Data Science Platform (version 1.1.6.7; 

RRID: SCR_026971), which integrates R and Python 

computational environments. Survey-weighted descriptive 

analyses and logistic regression, restricted cubic spline 

modeling, and LASSO regression were conducted using 

the corresponding R-based modules. Boruta feature 

selection and synthetic minority over-sampling technique 

(SMOTE) were implemented using the corresponding 

modules available within DecisionLinnc. Decision tree, 

Gaussian naïve Bayes, random forest and support vector 

machine classifiers were implemented in Python using 
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scikit-learn. Ten-fold cross-validation and model-

performance evaluation were also conducted using scikit-

learn. SHAP-based model interpretation was performed 

using the R-based SHAP module available within 

DecisionLinnc. All statistical tests were two-sided, and a 

P value <0.05 was considered statistically significant. 

 

RESULTS  

 

Baseline demographic and clinical characteristics of 

participants: The analysis included 4448 women aged 18 

or older who met the eligibility criteria from the 1999–2006 

NHANES dataset (Fig. 1).  Of the participants, 316 had 

endometriosis. Serum ferritin levels were 77.97ng/mL 

versus 55.67ng/mL in the weighted analysis (P<0.001). 

Furthermore, the endometriosis group showed a greater 

prevalence of non-Hispanic white individuals (P<0.001), 

higher education levels (predominantly college and above) 

and more smokers. Moreover, a significantly higher of 

women with endometriosis reported the use of oral 

contraceptives (P<0.001), in agreement with known risk 

profiles. 
Table 1 presents unweighted sample summaries 

alongside survey-weighted population estimates. 

Unweighted values are provided to describe the observed 

analytic sample, whereas weighted estimates constitute 

the primary results for population-level comparisons. In 

the weighted analysis, participants with self-reported 

physician-diagnosed endometriosis had higher serum 

ferritin concentrations than those without endometriosis 

(77.97 vs 55.67ng/mL; P<0.001) and higher transferrin 

saturation (24.21% vs 22.66%; P=0.010). 

Several descriptive estimates, particularly the 

distributions of race/ethnicity, educational attainment, and 

poverty-to-income ratio, differed between the unweighted 

sample summaries and the survey-weighted population 

estimates. These differences reflect the unequal 

probabilities of selection and the complex sampling 

design of NHANES and support the use of survey-

weighted estimates as the primary basis for population-

level inference. 

The prevalence of endometriosis was 6.6% among 

individuals without pets (319/4838) and 8.5% among 

those with pets (61/719). Although the proportion was 

slightly higher in the pet-exposed group, this difference 

did not reach statistical significance (P=0.073), indicating 

no evidence of an association between pet ownership and 

endometriosis in this unadjusted analysis. 
 
Table 1: Basic characteristics of the endometriosis and the non-endometriosis groups enrolled in the NHANES cross-sectional study 

Characteristic Total 

n=4448 

weighted data 

N = 52,959,570 

Non-

Endometriosis 
n=4132 

Non-Endometriosis 

(weighted) 
N = 47,945,062 

Endometriosis 

n=316 

Endometriosis 

(weighted) 
N = 5,014,508 

p 

Serum_ferritin(ng/ml) 53.16 (71.12) 57.78 (66.30) 51.087±60.077 55.67 (57.62) 80.23 (152.57) 77.97 (119.47) <0.001 
Serum_iron(ug/dL) 80.12 (39.20) 82.69 (38.73) 79.901±39.435 82.42 (38.95) 83 (35.88) 85.28 (36.52) 0.084 
Tibc (ug/dL) 388.21 (74.89) 374.43 (63.90) 389.518±74.965 375.57 (64.03) 371.17 (71.87) 363.59 (61.68) 0.091 
Tsat  (%) 21.49 (11.24) 22.81 (11.36) 21.358±11.291 22.66 (11.42) 23.16 (10.46) 24.21 (10.69) 0.010 

Age (%)        
18-45years 3737 (84.02%) 42,190,189 (79.66%) 3494 (84.56%) 38,411,483 (80.12%) 243 (76.90%) 3,778,706 (75.36%) 0.066 
46-60years 711 (15.98%) 10,769,382 (20.34%) 638 (15.44%) 9,533,579 (19.88%) 73 (23.10%) 1,235,802 (24.64%) 

Race (%)        
Mexican American 1063 (23.90%) 4,364,876 (8.24%) 1035 (25.05%) 4,235,340 (8.83%) 28 (8.86%) 129,536 (2.58%) <0.001 
Non Hispanic Black 210 (4.72%) 2,957,735 (5.58%) 203 (4.91%) 2,848,358 (5.94%) 7 (2.22%) 109,377 (2.18%) 

Non Hispanic White 2101 (47.23%) 36,792,107 (69.47%) 1878 (45.45%) 32,512,428 (67.81%) 223 (70.57%) 4,279,679 (85.35%) 
Other Hispanic 881 (19.81%) 6,138,762 (11.59%) 834 (20.18%) 5,802,580 (12.10%) 47 (14.87%) 336,182 (6.70%) 
Other Race 193 (4.34%) 2,706,090 (5.11%) 182 (4.40%) 2,546,356 (5.31%) 11 (3.48%) 159,734 (3.19%) 

Education (%)        
Less than High school 
graduate 

1027 (23.09%) 7,780,175 (14.69%) 994 (24.06%) 7,318,743 (15.26%) 33 (10.44%) 461,432 (9.20%) <0.001 

High school graduate 968 (21.76%) 12,011,807 (22.68%) 886 (21.44%) 10,487,792 (21.87%) 82 (25.95%) 1,524,015 (30.39%) 

College above 2453 (55.15%) 33,167,588 (62.63%) 2252 (54.50%) 30,138,527 (62.86%) 201 (63.61%) 3,029,061 (60.41%) 
Smoking (%)        
No 2770 (62.28%) 30,453,420 (57.50%) 2598 (62.88%) 27,945,437 (58.29%) 172 (54.43%) 2,507,984 (50.01%) 0.018 

Yes 1678 (37.72%) 22,506,150 (42.50%) 1534 (37.12%) 19,999,625 (41.71%) 144 (45.57%) 2,506,525 (49.99%) 
Ratio of income to poverty 
level(%) 

       

<1 944 (21.22%) 8,375,075 (15.81%) 902 (21.83%) 7,799,082 (16.27%) 42 (13.29%) 575,993 (11.49%) 0.049 
1--3 1700 (38.22%) 18,157,647 (34.29%) 1598 (38.67%) 16,633,967 (34.69%) 102 (32.28%) 1,523,680 (30.39%) 
>3 1804 (40.56%) 26,426,849 (49.90%) 1632 (39.50%) 23,512,014 (49.04%) 172 (54.43%) 2,914,835 (58.13%) 

Alcohol (%)        
No 1717 (38.60%) 16,813,076 (31.75%) 1617 (39.13%) 15,398,768 (32.12%) 100 (31.65%) 1,414,308 (28.20%) 0.301 
Yes 2731 (61.40%) 36,146,495 (68.25%) 2515 (60.87%) 32,546,295 (67.88%) 216 (68.35%) 3,600,200 (71.80%) 

Bmi (%)        
<18.5 107 (2.41%) 1,688,165 (3.19%) 99 (2.40%) 1,532,621 (3.20%) 8 (2.53%) 155,544 (3.10%) 0.768 
18.5-24.9 1425 (32.04%) 19,959,083 (37.69%) 1322 (31.99%) 18,176,355 (37.91%) 103 (32.59%) 1,782,728 (35.55%) 
≥25 2916 (65.56%) 31,312,322 (59.12%) 2711 (65.61%) 28,236,086 (58.89%) 205 (64.87%) 3,076,236 (61.35%) 

Birth_control_pills (%)        

No 1032 (23.20%) 10,029,593 (18.94%) 1002 (24.25%) 9,613,643 (20.05%) 30 (9.49%) 415,950 (8.29%) <0.001 
Yes 3416 (76.80%) 42,929,977 (81.06%) 3130 (75.75%) 38,331,419 (79.95%) 286 (90.51%) 4,598,558 (91.71%) 

Marital_status (%)        
Yes 2903 (65.27%) 34,826,862 (65.76%) 2693 (65.17%) 31,413,718 (65.52%) 210 (66.46%) 3,413,144 (68.07%) 0.439 
No 1545 (34.73%) 18,132,708 (34.24%) 1439 (34.83%) 16,531,344 (34.48%) 106 (33.54%) 1,601,364 (31.93%) 

Pregnant (%)        
No 700 (15.74%) 10,876,989 (20.54%) 655 (15.85%) 10,141,777 (21.15%) 45 (14.24%) 735,212 (14.66%) 0.030 
Yes 3748 (84.26%) 42,082,581 (79.46%) 3477 (84.15%) 37,803,286 (78.85%) 271 (85.76%) 4,279,296 (85.34%) 

First_menstrual_period_age 28.52 (124.51) 31.88 (136.65) 29.04 (126.43) 32.92 (140.13) 21.75 (95.84) 21.94 (96.76) 0.051 
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Values are presented as unweighted sample estimates 

and survey-weighted population estimates. Continuous 

variables are reported as median (interquartile range), and 

categorical variables are reported as n (%) for unweighted 

data and weighted N (%) for survey-weighted data. P 

values were obtained from survey-weighted comparisons 

between participants with and without self-reported 

physician-diagnosed endometriosis. Abbreviations: BMI, 

body mass index; IQR, interquartile range; PIR, poverty-

to-income ratio; TIBC, total iron-binding capacity; TSAT, 

transferrin saturation. 

 

Association between serum ferritin concentrations and 

the odds of endometriosis: In a continuous modeling 

approach, higher serum ferritin concentrations were 

consistently associated with higher odds of self-reported 

physician-diagnosed endometriosis. This association was 

evident in the analysis of three models. Specifically, when 

adjusting from Model 1 to Model 2 which included age 

and race, and then to Model 3 which included all 

covariates, a trend of increased risk in the endometriosis 

group could be observed as serum ferritin levels rose. The 

corresponding odds ratios were 1.004 (95% confidence 

interval, 1.002-1.006, P=0.001), 1.004 (95% confidence 

interval, 1.002-1.006, P=0.001) and 1.003 (95% 

confidence interval, 1.0001-1.005, P=0.0016), 

respectively; these levels indicate a statistically significant 

association. 

Importantly, within the framework of iron 

homeostasis, only serum ferritin demonstrated a 

noteworthy independent relationship with endometriosis, 

regardless of demographic variables and other serum 

assay results (Table 2). 

 
Table 2: Weighted logistic regression analysis of serum ferritin and 
TSAT in relation to endometriosis  

 Model 1   Model 2   Model 3    

 OR (95%CI) 
P-
value OR (95%CI) 

P-
value OR (95%CI) 

 P-
value 

Serum 
ferritin 

1.004(1.002-
1.006) 

<0.0
01 

1.004(1.002-
1.006) 

<0.0
01 

1.003(1.0001-
1.005) 

 0.001
6 

 Model 1   Model 2   Model 3    

 OR (95%CI) 
P-
value OR (95%CI) 

P-
value OR (95%CI) 

 P-
value 

TSAT 

1.01(1.00-

1.02) 0.035 

1.008(0.997-

1.019) 0.155 1.02(0.96-1.08) 

 

0.514 

 

Weighted logistic regression analysis shows that 

demographic and clinical variables affect the relationship 

between TSAT and endometriosis risk. As a result, TSAT 

is excluded from risk assessments in subsequent trend 

analyses.  

To further assess dose–response trends, serum ferritin 

was categorized into quartiles: Q1 (9.739±4.531), Q2 

(25.766±4.867), Q3 (48.235±8.883) and Q4 

(130.481±107.551) (see Table 3). In statistical Models 1 

and 2, Participants in the higher serum ferritin quartiles, 

particularly Q4, had higher odds of self-reported 

physician-diagnosed endometriosis. While the p-values 

for Q2 and Q3 did not reach statistical significance in 

Model 3, Q4 exhibited a statistically significant, 

indicating a notable increasing trend in odds ratio values 

with increasing serum ferritin levels. This trend requires 

confirmation in larger or prospective studies. Across 

Models 1 to 3, which included various covariates such as 

demographic and clinical factors, a significant trend in 

quartile differences was observed (P<0.001 for trend). 

Endometriosis is associated with elevated serum ferritin 

levels, regardless of covariates. 

The trend analysis showed significant differences 

among quartiles (P<0.001 for trend) after adjusting for 

demographic and clinical covariates. These findings 

indicate that women with higher serum ferritin 

concentrations had higher odds of self-reported physician-

diagnosed endometriosis, irrespective of their 

demographic or clinical profiles. 

 

Subgroup analysis exploration: Subgroup analyses were 

performed to investigate the relationships among different 

populations and clinical subcategories, which were 

stratified by age, race, smoking status, education, BMI, 

and alcohol consumption (Fig. 2).  

The association between serum ferritin concentrations 

and the odds of self-reported physician-diagnosed 

endometriosis varied across some subgroups; however, 

statistically significant interaction was observed only for 

age and alcohol consumption.  The results showed that 

elevated serum ferritin concentrations were associated 

with endometriosis in women aged 18 to 45 years, with an 

odds ratio of 1.58 (95% confidence interval, 1.25-2.01, 

P=0.001). Furthermore, elevated serum ferritin levels 

were notably linked to endometriosis in non-Hispanic 

black women, non-Hispanic white women, smokers, and 

alcohol consumers, with ORs of 1.71 (95% CI, 1.29-2.27), 

1.37 (95% CI, 1.1-1.7), 1.44 (95% CI, 1.14-1.83) and 1.62 

(95% CI, 1.27-2.05), respectively. The corresponding P-

values were P=0.001, 0.007, 0.004, and <0.001 and these 

analyses were adjusted for covariates including poverty 

index, marital status, fertility status, and the utilization of 

oral contraceptives. 

 
Table 3: Weighted trend test analysis of serum ferritin 

 
Model 1: no covariates were adjusted. Model 2: adjusted for age, race. Model 3: adjusted for age, race, Education attainment, PIR, alcohol, smoking, 

BMI, taken birth control pills, pregnant status, marital status, serum iron and TSAT. 

.
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Tests for interaction indicated that the association 

between serum ferritin concentrations and self-reported 

physician-diagnosed endometriosis differed significantly 

by age (P for interaction=0.006) and alcohol consumption 

(P for interaction=0.015). No statistically significant 

interaction was observed for race/ethnicity (P for 

interaction=0.731), educational attainment (P for 

interaction=0.589), smoking status (P for 

interaction=0.409), or BMI category (P for 

interaction=0.266). 

 

 
 
Fig. 2: Survey-weighted multivariable subgroup analyses of the 
association between serum ferritin concentrations and self-reported 
physician-diagnosed endometriosis. Models were adjusted for the 

covariates included in Model 3, excluding the corresponding 
stratification variable. ORs and 95% CIs are presented for each stratum, 
together with P values for interaction. 

 

Nonlinear association between serum ferritin 

concentrations and the odds of endometriosis: In 

Model 3, we examined the association between serum 

ferritin levels and the probability of developing 

endometriosis through RSC analysis. Furthermore, we 

segmented this relationship based on pertinent clinical risk 

factors for endometriosis (age and fertility status) to 

explore potential nonlinear relationships between serum 

ferritin and endometriosis (Fig. 3). 

Overall, the findings indicate a nonlinear dose-

response relationship between serum ferritin 

concentrations and endometriosis risk (P for nonlinear = 

0.001). Particularly, when serum ferritin levels surpass a 

specific threshold (about 30ng/mL), the odds ratio for 

endometriosis increases as serum ferritin levels rise. 

Stratified analysis demonstrated that age and fertility 

status act as effect modifiers. Specifically, the association 

was notably pronounced in the 46-60 age group (overall 

P<0.001) and among women who have given birth 

(overall P<0.001). In contrast, no meaningful association 

was identified in nulliparous women (P=0.436). These 

outcomes suggest critical thresholds and population 

diversity in the impact of iron storage levels.  

 

Machine learning: The current research data exhibit 

limited positive events and data imbalances. To address 

this, we employ the SMOTE oversampling method to 

balance the data for subsequent machine learning. 

Subsequently, we applied Lasso regression and Boruta 

test to identify relevant variables (Fig. 4). 

 

 
 
Fig. 3: (A) Dose-response relationship between serum ferritin and endometriosis, adjusted for Model 3. This model has been adjusted for age, race, 

educational attainment, PIR, alcohol consumption, smoking habits, BMI, use of birth control pills, pregnancy status, marital status, serum iron, and 
TSAT. (B) The RCS curves stratified by age. (C) The RCS curves stratified by fertility. 
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Fig. 4: Lasso regression and Boruta algorithm were utilized for variable selection. (A) Cross-Validation Error (CVM) for various log lambda values is 

presented. The orange dashed line indicates the point of minimal error (log λ_min), while the blue dashed line signifies the standard error threshold 

as determined by the model (log λ_1se). (B) Screening Variables Using Lasso Regression Method. The trajectory of each variable’s coefficient changes 

as the log(lambda) value is adjusted, illustrating how variables respond to different levels of regularization. (C) Boruta analysis identified 11 significant 

variables associated with endometriosis, with serum ferritin ranking as the third most important. The other variables included age, race, PIR, 
education, alcohol consumption, fertility, BMI, serum iron, transferrin saturation, and total iron-binding capacity. 

 

Based on our analysis, we combined the screening 

results and identified seven key variables with serum 

ferritin as the focal point: age, race, serum ferritin, PIR, 

education level, alcohol consumption and fertility.  

Following the application of SMOTE undersampling 

to achieve data balance on the basis of seven selected 

variables, four distinct machine learning techniques were 

employed on the training subset. The result showed that 

the RF model yielded an AUC of 0.862, higher than 

Decision Tree (0.833), Naive Bayes (0.663) and SVM 

(0.727) (Fig. 5). The confusion matrix demonstrated that 

the RF model achieved superior precision and F1-score, 

indicating high prediction accuracy. 

 

 
 
Fig. 5: The effectiveness of four machine learning algorithms was 
evaluated using the area under the receiver operating characteristic curve. 

 
Table 4: Each model was evaluated using a confusion matrix of 

accuracy, AUC, precision, recall and F1 score. 

Model Accuracy Recall F1-Score AUROC Presicion Specificity 

RFTEST 0.790  0.918  0.832  0.862  0.763  0.621  
SVMTEST 0.659  0.684  0.695  0.727  0.708  0.626  
DesicionTreeTEST 0.769  0.930  0.821  0.833  0.734  0.553  

NBTEST 0.627  0.517  0.612  0.663  0.750  0.772  

 

We conducted a more in-depth analysis of variable 

significance and model performance, focusing on the 

optimal results produced by the random forest method. 

This evaluation was carried out by employing SHAP 

analysis to provide insights into the interpretation of the 

model (Fig. 6 and Table 4). 

 

 
 
Fig. 6: Explainability analysis of random forest model. (A) Assessment 
of the significance of features within the model. (B) SHAP tree 
representation illustrates the attributes of the model.  

 

Fig. 6 shows the SHAP plot, where colors represent 

the sign of the original eigenvalues—purple for positive 

and yellow for negative values—and SHAP values 

indicate the effect of each feature on the outcome, with 

positive values denoting beneficial effects and negative 

values denoting adverse effects. Fig. 6A ranks the results 

by the mean absolute SHAP values to show feature 

influence. The SHAP summary chart for endometriosis 

patients identifies race, serum ferritin, pregnancy, and 

education as the most influential features. Fig. 6B shows 

that race and serum ferritin are pivotal variables 

influencing endometriosis and elevated serum ferritin 

significantly increases the risk. 
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To evaluate the model's stability, we implemented a 

10-fold cross-validation technique. This approach 

involves dividing the dataset into ten distinct subsets, 

wherein the model is trained using nine of these subsets 

while its performance is evaluated on the single remaining 

subset. This iterative process provides a reliable 

evaluation of the model's ability to generalize (Zhang et 

al., 2024). The results showed that the random forest 

method attained a average accuracy of 79.7%, an AUC of 

0.8626, and an F1 score of 0.84 (Fig. 7). 

 

 

 

 
 
Fig. 7: Model evaluation of random forest method with 10-fold cross 

validation. (A) ROC curve after cross validation. (B) DCA decision 
curve after cross validation. (C) Calibration curve after cross validation.  

The findings indicate that the random forest method 

using serum ferritin achieves enhanced predictive 

performance. Further validation through numerous 

prospective studies and external verifications is essential 

to elucidate its efficacy. 

 

DISCUSSION 

 

In this cross-sectional analysis of nationally 

representative NHANES data, higher serum ferritin 

concentrations were associated with greater odds of self-

reported physician-diagnosed endometriosis after 

adjustment for relevant sociodemographic, reproductive, 

and iron-related covariates (Dore and Lagace, 1985; Chin, 

1994). Participants in the highest serum ferritin quartile 

had approximately twice the odds of reporting 

endometriosis compared with those in the lowest quartile, 

and restricted cubic spline analysis suggested a nonlinear 

association. Among the four machine-learning classifiers, 

the random forest model showed the highest internal 

discrimination, with an AUROC of 0.862. However, 

because serum ferritin and endometriosis status were 

assessed within a cross-sectional framework, the temporal 

sequence between exposure and outcome cannot be 

established, and the findings do not demonstrate that 

elevated serum ferritin causes or precedes endometriosis. 

Endometriosis is a persistent inflammatory condition 

dependent on estrogen and associated with various factors 

including sex hormones, immune response, inflammatory 

processes, and genetic predispositions (Duan et al., 2024; 

Yao et al., 2026). Recent investigations have indicated a 

correlation between the accumulation of excess iron and 

the phenomenon of ferroptosis with the onset and 

progression of endometriosis. Increased concentrations of 

iron have been detected in the peritoneal fluid, ectopic 

lesions, and macrophages of patients suffering from 

endometriosis in comparison to those without the 

condition (Pirdel & Pirdel, 2014; Nanda et al., 2020; Liu 

et al., 2023); additionally, iron-related metabolic proteins 

are also increased in these patients (Pirdel & Pirdel, 2014; 

Nanda et al., 2020; Liu et al., 2023). Ferroptosis is 

initiated by an excess of intracellular iron (Ng et al., 

2020) and represents a form of programmed cell death 

characterized by lipid peroxidation, a decrease in 

glutathione peroxidase 4 (GPX4) levels and an imbalance 

in iron metabolism (Duan et al., 2024; Lan et al., 2025). 

FPN deficiency can result in various iron-overload 

disorders (Cruz et al., 2020). The upregulation of FPN, by 

itself, has the capacity to promote the export of iron, 

subsequently inhibiting the elevation of intracellular iron 

concentrations following administration of ferric 

ammonium citrate (Song et al., 2010; Li et al., 2021). 

Disruption in iron metabolism causes iron accumulation at 

the site of injury, leading to oxidative stress and pro-

inflammatory responses that facilitate the progression of 

endometriosis (EMS) (Wyatt et al., 2023; Lan et al., 

2025).  
The concentration of ferritin in serum exhibits a 

positive correlation with the overall iron reserves in the 
body. In instances of iron accumulation, surplus iron 
deposits in the liver, spleen, and various other organs in 
the form of ferritin, resulting in a marked elevation of 
serum ferritin concentrations (Cary et al., 1982). Serum 



Pak Vet J, 2026, 46(8): 2043-2054. 
 

2052 

ferritin serves as a widely utilized indicator for clinically 
assessing iron overload. Additionally, ferritin 
phagocytosis facilitates increased iron release, which can 
contribute to cellular iron overload (Ni et al., 2022; 
Zhang et al., 2024). Extensive research has extensively 
explored the relationship between serum ferritin levels 

and female diseases (Ćwiertnia et al., 2023; Nulianti et 

al., 2025). In addition, various tissues and organs 
demonstrate distinct biological responses to iron 
deposition (Xu et al., 2023). Increased ferritin 
concentrations noted in obese females diagnosed with 
polycystic ovary syndrome (PCOS) were probably 
linked to insulin resistance and hyperinsulinemia 
(Luque-Ramírez et al., 2007). Previous research has also 
suggested a correlation between ferroptosis, iron 
overload, and infertility in females (Fan et al., 2024). 
Furthermore, the study found a positive association 
between ferritin levels and the likelihood of gestational 
diabetes occurring between the 15th and 26th weeks of 
gestation (aOR=2.43, 95% CI=1.12–5.28; aOR=3.95, 
95% CI=1.38–11.30) (Rawal et al., 2017; Liu et al., 
2024). Our results showed that women with elevated 
serum ferritin levels had an increased risk of 
endometriosis, and the utilization of RCS analysis 
revealed a nonlinear association between the two 
variables, consistent with the findings of (Xu et al., 
2023; Ratajac et al., 2025). The underlying mechanism 
likely involves disruption of iron homeostasis, 
facilitating the onset and progression of endometriosis. 

In our research, we employed nationally representative 

data that incorporated sample weights to investigate the 

association between serum ferritin concentrations and the 

incidence of endometriosis. We conducted regression 

analyses adjusting for covariates and using large sample 

sizes. These analyses facilitated subgroup analyses, 

enhancing understanding of the model’s utility and 

limitations across diverse patient cohorts, thereby 

establishing its generalizability. Notably, the incorporation 

of the lasso and Boruta models in variable selection 

effectively prevented model overfitting. Through the 

evaluation of four distinct machine learning algorithms, we 

constructed a predictive model to ascertain the occurrence 

of endometriosis and subsequently determined that the RF 

model was the most effective. This model presents a 

practical method for predicting individuals who may be at 

risk of developing endometriosis. The utilization of SHAP 

facilitated model interpretation, aiding in the identification 

of key predictors of endometriosis, thereby furnishing 

tailored insights to inform personalized preventive and 

clinical management strategies. 

This study has several limitations. First, the cross-

sectional design precludes determination of temporality 

and causal inference. Serum ferritin may precede 

endometriosis, may change because of the disease or its 

treatment, or may reflect inflammation or other 

unmeasured conditions; therefore, reverse causation and 

residual confounding cannot be excluded. Second, 

endometriosis status was based on self-reported physician 

diagnosis and was not verified through medical records, 

imaging, operative reports, or histopathology. This may 

have resulted in outcome misclassification, including the 

classification of women with undiagnosed endometriosis 

in the comparison group. Information on diagnostic 

methods, disease phenotype, stage, anatomical location, 

symptom severity, treatment and time since diagnosis was 

unavailable. Third, the data were collected between 1999 

and 2006, and contemporary diagnostic practice 

increasingly incorporates specialized ultrasound and MRI. 

Changes in diagnostic awareness, access, protocols, and 

thresholds may limit the generalizability of these findings 

to currently diagnosed populations. Fourth, complete-case 

analysis may have introduced selection bias, and 

unmeasured inflammatory, metabolic, gynecological, or 

treatment-related factors may have confounded the 

observed association. Finally, the machine-learning 

models underwent internal validation only and were not 

evaluated in an independent external cohort. Accordingly, 

the findings should be considered hypothesis-generating 

and require confirmation in prospective studies using 

clinically adjudicated cases, including surgically and 

histologically confirmed endometriosis where available. 

The NHANES cycles included in this study were 

conducted between 1999 and 2006, and diagnostic 

practices for endometriosis have evolved substantially 

since that period (Assaf et al., 2012; Dong et al., 2025)). 

Contemporary diagnostic pathways increasingly 

incorporate specialized transvaginal ultrasound and 

magnetic resonance imaging for the identification and 

characterization of ovarian and deep endometriosis, 

whereas diagnosis during the study period may have 

depended more heavily on symptoms and surgical 

evaluation (Story and Kennedy, 2004; Khan et al., 2025). 

Changes in clinician awareness, access to imaging, 

imaging protocols, and diagnostic thresholds may have 

altered both the probability of receiving a diagnosis and 

the clinical characteristics of identified cases (Liu et al., 

2024). Consequently, the case ascertainment and disease 

spectrum represented in the present study may differ from 

those of contemporary populations, which may limit the 

generalizability of the findings. 

Accordingly, the present findings should be 

considered hypothesis-generating rather than clinically 

confirmatory. Prospective studies are required to establish 

temporality and to replicate the observed associations in 

cohorts with clinically adjudicated endometriosis, 

including cases confirmed by operative findings and, 

where available, histopathology. Future investigations 

should also include contemporary imaging-defined 

phenotypes, inflammatory markers, detailed reproductive 

and treatment histories, and independent external 

validation of the machine-learning models. 

 

Conclusions: Our research reveals a significant positive 

association between serum ferritin concentrations and the 

likelihood of endometriosis in women residing in the 

United States. We developed a predictive model based on 

the random forest algorithm, which showed strong 

predictive capability. Moving forward, our objective is to 

incorporate additional pertinent clinical variables and 

encompass a broader demographic for external validation, 

thereby delving into potential underlying mechanisms to 

enhance the efficacy of our risk assessment models. 
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