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Objective: This study aims to identify potential independent risk factors for
rheumatoid arthritis (RA)- related mortality and develop a nomogram model to
predict individualized mortality risk.

Methods: This study included 310 RA patients from the National Health and
Nutrition Examination Survey (NHANES) during 1999 - 2018. We applied LASSO,
univariate, and multivariate logistic regression analyses to determine risk factors
in the training cohort and construct a nomogram model. Calibration plots
evaluated the nomogram'’s accuracy. Finally, we established the nomogram'’s
clinical utility through DCA and performed internal validation within the
training cohort.

Results: Of the 310 patients, 140 experienced RA - related deaths, corresponding
to a mortality rate of 45.16%. Within the training cohort, age, heart failure, and
systemic inflammatory response index (SIRI) emerged as independent predictors
of RA - related mortality. A nomogram model, constructed through multivariable
logistic analysis, demonstrated an AUC of 0. 852 (95% CI: 0. 799 - 0. 904) in the
training cohort and an AUC of 0. 904 (95% CI: 0. 846 - 0. 963) in the validation
cohort. The calibration curve revealed a strong agreement between predicted
and actual probabilities. In both training and validation cohorts, DCA highlighted
the nomogram's significant net benefits for predicting RA - related mortality risk.

Conclusions: This study demonstrates age, heart failure, and SIRI's ability to
predict RA mortality with good discrimination and clinical utility. The model gives
clinicians a simple tool to quickly identify high - risk RA patients, promoting early
intervention, personalized treatment, and better prognosis.
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Introduction

Rheumatoid arthritis (RA) is a chronic inflammatory
autoimmune disease that primarily targets synovial joints,
resulting in joint swelling, pain, stiffness, and eventually leading
to joint destruction and disability (1-3). Globally, it poses a major
public health challenge, with a prevalence of approximately 0.5% to
1% (4). Future projections suggest a continued increase in the
burden of RA, with an estimated 31.7 million individuals worldwide
expected to be affected by 2050 (5, 6). Notably, the incidence of RA
is higher in females than in males, and while it can occur at any age,
the disease most commonly manifests between the ages of 30 and 60
(7, 8). Beyond causing joint disability, RA is also associated with
increased long-term mortality and reduced life expectancy, with
cardiovascular diseases being the primary contributor to this excess
mortality (9-11). While the etiology of RA is complex and not fully
elucidated, it is currently thought to involve the combined interplay
of genetic and environmental factors. Genetic factors, such as
specific human leukocyte antigen (HLA) genes, contribute to RA
susceptibility (12-14); environmental factors, including infections,
smoking, and hormonal influences, may trigger disease onset (15).
A clear feature of RA is immune system dysregulation,
characterized by immune cells attacking joint synovium, thereby
inducing inflammation and tissue damage (16-18).

In recent years, the relationship between inflammatory markers
and mortality in RA patients has garnered increasing attention.
Numerous studies have shown that specific inflammatory markers,
such as the neutrophil-to-lymphocyte ratio (NLR), platelet-to-
lymphocyte ratio (PLR), lymphocyte-to-monocyte ratio (LMR),
systemic immune-inflammation index (SII), systemic
inflammatory response index (SIRI), pan-immune-inflammation
value (PIV), and advanced lung cancer inflammation index (ALI),
are associated with an increased risk of mortality in rheumatoid
arthritis patients (10, 19-25). For instance, elevated NLR and SII are
linked to higher disease activity and poorer prognosis in RA
patients, potentially indicating an increased risk of cardiovascular
events and mortality (22, 25). Similarly, increased SIRI and PIV
have been found to be associated with adverse outcomes in RA
patients, including higher mortality rates (10, 23). These
inflammatory markers reflect the activation and dysregulation of
the immune system in rheumatoid arthritis, the presence of chronic
inflammation in the body, which promotes atherosclerosis,
endothelial dysfunction, and organ damage, thereby increasing
the risk of death from cardiovascular diseases and
other complications.

Although increasing evidence associates inflammatory markers
with mortality in RA patients, many unresolved issues and
challenges remain in this field. Firstly, numerous studies have
found that the above-mentioned inflammation-related indicators
are associated with RA and increased mortality, but these are
univariate analysis results without multivariate regression
analysis, and it is not entirely clear whether they are interfered
with or interacted by other factors. Secondly, the impact of
confounding factors such as age, gender, and comorbidities on
the relationship between inflammatory markers and mortality in
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RA patients is not clear. These factors may affect the levels of
inflammatory markers and the risk of death, and their impact awaits
further research. In addition, previous studies have not quantified
the relevant indicators, making it impossible to accurately predict
the probability of death in RA patients.

To address the limitations of previous studies, this study uses
data from the NHANES database to investigate the association
between immune-inflammatory markers and RA-related mortality.
Our goal is to identify potential independent risk factors for RA-
related deaths and develop a nomogram model to predict
individualized mortality risk.

Materials and methods
Data source

The data for this study were obtained from the NHANES of the
United States. This survey employed a complex, multistage
stratified probability sampling method to comprehensively assess
the health and nutritional status of the non-institutionalized
population in the United States. The data from NHANES are
nationally representative, making it an invaluable resource for
conducting large-scale epidemiological studies and developing
clinical prediction models. All NHANES data used in this study
are publicly available at https://www.cdc.gov/nchs/nhanes. Written
informed consent was obtained from all participants (or their
proxies/legal guardians) for participation in the study. This study
was reviewed and approved by the National Center for Health
Statistics (NCHS) Ethics Review Board, with the approval numbers
for each phase available at https://www.cdc.gov/nchs/nhanes/
irba98.htm. All research was conducted in accordance with the
Declaration of Helsinki and the Transparent Reporting of a
multivariable prediction model for Individual Prognosis or
Diagnosis (TRIPOD) checklist.

Mortality linkage

The mortality data for this analysis were obtained from the
NHANES public-use linked mortality files and integrated with the
standard NHANES datasets using the unique respondent sequence
number assigned to each participant. All-cause mortality refers to
deaths from any cause, regardless of the specific underlying cause.
Linkage web-page: https://www.cdc.gov/nchs/data-linkage/
mortality-public.htm.

Participant selection

Initially, 65535 participants from 10 consecutive NHANES
cycles (1999 - 2018) were enrolled in this study. These
participants completed extensive demographic surveys, laboratory
tests, and health questionnaires during these cycles. To ensure the
accuracy and reliability of our study, we conducted rigorous data
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screening and exclusion. First, participants aged under 18 (n =
35849) were excluded, as our study focused on adult RA (n =
29686). Subsequently, individuals lacking data on RA or mortality
(n = 14284) were excluded. In addition, participants missing
questionnaire and dietary data on diabetes, hypertension,
smoking, alcohol consumption, heart disease, and stroke, as well
as those lacking laboratory data on platelet, neutrophil, lymphocyte,
and monocyte counts (n = 12243), were excluded. Moreover, non-
RA patients (n = 2849) were excluded. Finally, as shown in Figure 1,
310 participants with RA-related deaths were included in
our analysis.

Definition of RA

The diagnosis of RA was made based on the medical condition
questionnaire in the NHANES database, which asked participants
the following questions. First, participants were asked, “Have you
ever been told by a doctor that you had arthritis?” (MCQ160a). If
the answer was “Yes,” they were then asked, “What type of
arthritis?” (MCQ195; MCQ191; MCQ190), to specify the type of
arthritis they had, including rheumatoid arthritis, osteoarthritis,
and other types. This self - reported method of diagnosing RA has
been widely used in many NHANES studies and has shown an 85%
consistency between self - reported arthritis and clinical diagnosis
(26, 27).

Covariate definitions

Based on previous research, the following factors were identified
as independent variables: age, sex, race, body mass index (BMI),

Data from NHANES 1999-2018 (n=65535)
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alcohol consumption, smoking, self - reported health status,
neutrophil - to - lymphocyte ratio (NLR), platelet - to -
lymphocyte ratio (PLR), lymphocyte - to - monocyte ratio (LMR),
systemic immune - inflammation index (SII), systemic
inflammatory response index (SIRI), pan - immune -
inflammation value (PIV), neutrophil - to - albumin ratio (NAR),
prognostic nutritional index (PNI), systemic inflammation score
(SIS), and advanced lung cancer inflammation index (ALI), etc.
Age (years) and BMI were continuous variables. Sex was
divided into male and female. Race was categorized into Mexican
American, other Hispanic, non - Hispanic white, non - Hispanic
black, and other/multiracial. Alcohol consumption was defined by
the response to the question: “Did you drink at least 12 drinks of
any type of alcohol in any year?”, and was grouped into two
categories (yes or no). Smoking status was divided into smoker
and never smoker based on the response to the question “Have you
smoked at least 100 cigarettes in your life?”. In our study,
hypertension was defined as self - reported physician - diagnosed,
use of antihypertensive medication, or blood pressure>140/90
mmHg. Diabetes mellitus (DM) status was defined as follows:
Diabetes” (physician self - reported diagnosis, HbA1c>6.5%,
fasting plasma glucose (FPG)27.0 mmol/L, random glucose=11.1
mmol/L, 2 - hour glucose tolerance test>11.1 mmol/L, or use of
diabetes medication or insulin). Blood biomarkers included
albumin (ALB), neutrophil count (NC), lymphocyte count (LC),
monocyte count (MC), and platelet count (PLT). As previously
described, NLR was calculated as NC/LC; PLR was calculated as
PLT/LC; LMR was calculated as LC/MC; SII was calculated as
(PLT*NC)/LC; SIRI was calculated as (NC*MC)/LC; PIV was
calculated as (NC*PLT*MC)/LC; NAR was calculated as NC/ALB;
ALI was calculated as (BMI*Alb)/NLR; PNI was calculated as ALB
+ 5*LC; SIS was calculated based on LMR and ALB, with 0 points

29686 participants aged more than 18 years

Participants aged <18 years (n=35849)

Participants without mortality data and RA
(n=14284)

15402 participants screened for exposure
and outcomes

3159 participants screened for other

covariates

Final participants analyzed (n=310)

FIGURE 1
The flowchart of study participants.
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for LMR>2.17 and ALB>39.8 g/L, 1 point for LMR < 2.17 or ALB <
39.8 g/L, and 2 points for LMR < 2.17 and ALB < 39.8 g/L. Potential
confounding variables associated with RA mortality were selected
from published RA studies, including demographics (age, gender,
race, education), behavioral factors (smoking, alcohol use), clinical
characteristics (cardiovascular diseases, BMI), and
inflammation markers.

Statistical analysis

NHANES employs a complex multistage sampling design.
Sample - weighted data requires calculation based on this design.
However, for machine learning model development, we used
unweighted data from the NHANES database. Unlike weighted
data, which estimates national incidence and prevalence, our focus
was exploring the relationship between RA - related mortality and
individual characteristics to build a model.

Data statistical analysis was conducted in R (version 4.2.2).
Continuous variables are expressed as mean + SD, with inter -
group differences assessed by t - tests. Categorical variables are
presented as frequencies and percentages, compared using chi -
square tests. All tests were two - sided, with p < 0.05 indicating
statistical significance.

We randomly split 310 participants into training (217) and
validation (93) cohorts at a 7:3 ratio. The training cohort served for
model development, while the validation cohort was for internal
validation. To identify predictors of RA - related mortality and
reduce variable collinearity, we applied Least Absolute Shrinkage
and Selection Operator (LASSO) logistic regression. This technique
minimizes coefficients of less influential variables to zero, enhancing
model prediction accuracy. We evaluated and optimized the LASSO
model via cross - validation, dividing the dataset into ten subsets.
The model underwent iterative training and assessment on these
subsets to determine effectiveness and optimal parameters. During
cross - validation, we typically generated a model performance plot
for different lambda values to assess effectiveness across settings.
“Minimum deviation” refers to the lambda value yielding the
smallest deviation via cross - validation, signifying the best data
fit. We selected this lambda value as optimal. LASSO logistic
regression in the training set identified independent predictors,
forming an RA - related mortality prediction model. We then
established a clinical diagnostic nomogram using feature variables.

Model performance assessment involved three metrics: Area
under the Curve (AUC), calibration curves, and decision curve
analysis (DCA). AUC reflects a model’s discrimination ability
between patients and healthy individuals; higher values mean
better diagnostic accuracy. Calibration curves illustrate the
predicted - observed outcome relationship. Using 1000 bootstrap
samples to plot these curves enhanced precision and reduced over-
fitting bias. The closer the calibration curve to the ideal, the higher
the model’s prediction accuracy. DCA evaluates a model’s clinical
utility by analyzing clinical net benefit across different threshold
probabilities, providing a comprehensive and clinically relevant
performance assessment. We also conducted Kaplan - Meier
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analysis based on key death - risk - related variables to clarify
underlying relationships.

Results
Baseline characteristics of participants

After stepwise screening, this study included 310 participants from
the NHANES database (1999 - 2018) meeting the inclusion and
exclusion criteria for analysis. Among them, 140 experienced RA -
related deaths (140/310), with a mortality rate of 45.16%. These
participants were randomly divided into training (217) and
validation (93) sets at a 7:3 ratio. The training set had a mean age of
67 * 13 years, with 95 RA - related deaths (43.78%). The validation set
had a mean age of 69 + 12 years, with 45 RA - related deaths (48.39%).
In this study, we analyzed the baseline demographic and clinical
characteristics of the participants across the different cohorts. Apart
from RAR (P = 0.047), no significant differences were found between
the two groups in other indicators (P > 0.05), and these had no
significant impact on the outcome, indicating a comparable baseline for
predictive research (Table 1).

In the training set, the Wilcoxon test or chi - square test was
employed to compare various indicators between the death group
and the non - death group. The results revealed statistically
significant differences in age (P < 0.001), race (P = 0.003), BMI (P
<0.001), heart failure (P = 0.002), NLR (P < 0.001), PLR (P = 0.005),
LMR (P < 0.001), SII (P = 0.006), SIRI (P < 0.001), PIV (P < 0.001),
PNI (P < 0.001), SIS (P < 0.001), and ALI (P < 0.001) (Table 2).

Selection of main predictors of RA-related
mortality

LASSO regression adds an LI regularization term (absolute
value penalty) to ordinary least squares regression. It selectively
shrinks some coefficients to zero, identifying the most critical
features. This technique reduces over-fitting, enhances
generalization, and promotes feature selection, particularly for
correlated features, improving model interpretability and
performance. Coefficient shrinkage in LASSO regression is
achieved by minimizing a loss function that includes the L1
regularization term. This process sets some coefficients to zero,
effectively eliminating non - essential features. Using LASSO
regression, we selected 4 significant predictors from the 24 feature
variables in the training cohort: age, heart failure, SIRI and ALI
(Figures 2A, B). The coefficients are shown in Table 3, and a
coefficient profile is plotted in Figure 3.

Construction of a new prediction model of
RA-related mortality

Figure 4 shows that the AUC of the above variables all exceed
0.5, among which the AUC of age is 0.796, heart failure is 0.557,
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TABLE 1 | Patient demographics and baseline characteristics.

10.3389/fimmu.2025.1592958

TABLE 1 Continued

Cohort Cohort
Characteristic Training Internal Test P-value Characteristic Training Internal Test P-value
Cohort, N Cohort, N Cohort, N Cohort, N
=217 =93 = 217 =93
Gender, n(%) ‘ 0.949 Smoking, n(%) 0.033
Male 39 (18.0%) 17 (18.3%) Yes 64 (29.5%) 39 (41.9%)
Female 178 (82.0%) 76 (81.7%) No 153 (70.5%) 54 (58.1%)
Age(years) ‘ 0.130 Drinking, n(%) ‘ 0.306
Mean + SD 67+ 13 69 + 12 Yes 117 (53.9%) 56 (60.2%)
Race, n(%) ‘ 0.065 No 100 (46.1%) 37 (39.8%)
Mexican American 26 (12.0%) 5 (5.4%) NLR ‘ 0.828
Other Hispanic 20 (9.2%) 3 (3.2%) Mean + SD 2.30 + 1.43 234 % 1.12
Non-Hispanic White 132 (60.8%) 61 (65.6%) PLR ‘ 0.262
Non-Hispanic Black 33 (15.2%) 19 (20.4%) Mean + SD 138 + 55 145 + 55
Other Race 6 (2.8%) 5 (5.4%) LMR ‘ 0.760
BMI ‘ 0.897 Mean + SD 4.00 + 1.57 4.07 + 1.87
Mean + SD 31+£7 319 RAR ‘ 0.047
Hypertension, n(%) ‘ 0.348 Mean + SD 0.31 + 0.04 0.33 £ 0.06
Yes 165 (76.0%) 66 (71.0%) Sl| ‘ 0.914
No 52 (24.0%) 27 (29.0%) Mean + SD 594 + 384 599 + 321
Diabetes, n(%) ‘ 0.974 SIRI ‘ 0.545
Yes 40 (18.4%) 17 (18.3%) Mean + SD 1.28 +£0.83 1.22 £ 0.68
No 177 (81.6%) 76 (81.7%) PIV ‘ 0.474
Heart failure, n(%) ’ 0.929 Mean + SD 334 + 244 314 +208
Yes 18 (8.3%) 8 (8.6%) NAR ‘ 0.397
No 199 (91.7%) 85 (91.4%) Mean + SD 0.10 + 0.04 0.10 + 0.03
Coronary heart 0.209 PNI ‘ 0.054
disease, n(%)
Mean + SD 52.1 £4.8 509 £ 5.2
Yes 18 (8.3%) 12 (12.9%)
SIS ‘ 0.315
No 199 (91.7%) 81 (87.1%)
Mean + SD 0.35 + 0.53 0.42 + 0.61
Angina, n(%) ‘ 0.213
ALI ‘ 0.517
Yes 20 (9.2%) 13 (14.0%)
Mean + SD 694 + 360 664 + 392
No 197 (90.8%) 80 (86.0%)
Follow-up(month) ‘ 0.966
Heart attack, n(%) ‘ 0.926
Mean + SD 136 + 55 135 + 48
Yes 17 (7.8%) 7 (7.5%)
BMI, body mass index; NLR, neutrophil-to-lymphocyte ratio; PLR, platelet-to-lymphocyte
No 200 (92.2%) 86 (92.5%) ratio; LMR, lymphocyte-to-monocyte ratio; SII, systemic immune-inflammatory index; SIRI,
systemic inflammatory response index; PIV, pan-immune-inflammation value; NAR,
Stroke, n(%) ‘ 0.847 neutrophil-to-albumin ratio; PNI, Prognostic Nutritional Index; SIS, systemic inflammation
score; ALI, advanced lung cancer inflammation index.
Yes 15 (6.9%) 7 (7.5%)
No 202 (93.1%) 86 (92.5%)
(Continued)
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TABLE 2 Comparison of variables between death group and non-death group.

Internal Test Cohort

Training Cohort

Characteristics Non-death Death group Non-death Death group
group N = 95 P-value group N = 45 P-value
N = 122 N =48
Gender, n(%) 0.492 0.136
Male 20 (16%) 19 (20%) 6 (13%) 11 (24%)
Female 102 (84%) 76 (80%) 42 (88%) 34 (76%)
‘ Agel(years) ‘ <0.001 <0.001
Mean + SD 62+ 12 73+ 11 62+ 12 77 %8
‘ Race, n(%) ‘ 0.003 0.082
Mexican American 18 (15%) 8 (8%) 4 (8%) 1(2%)
Other Hispanic 17 (14%) 3 (3%) 2 (4%) 1(2%)
Non-Hispanic White 62 (51%) 70 (74%) 27 (56%) 34 (76%)
Non-Hispanic Black 20 (16%) 13 (14%) 10 (21%) 9 (20%)
Other Race 5 (4%) 1 (1%) 5 (10%) 0 (0%)
‘ BMI ‘ <0.001 0.295
Mean + SD 32+7 29+7 32+8 30 £ 10
‘ Hypertension, n(%) ‘ 0.227 0.006
Yes 89 (73%) 76 (80%) 28 (58%) 38 (84%)
No 33 (27%) 19 (20%) 20 (42%) 7 (16%)
‘ Diabetes, n(%) ‘ 0.215 0.341
Yes 26 (21%) 14 (15%) 7 (15%) 10 (22%)
No 96 (79%) 81 (85%) 41 (85%) 35 (78%)
‘ Heart failure, n(%) ‘ 0.002 0.027
Yes 4 (3%) 14 (15%) 1 (2%) 7 (16%)
No 118 (97%) 81 (85%) 47 (98%) 38 (84%)
Coronary heart disease, 0.579 0.905
n(%)
Yes 9 (7%) 9 (9%) 6 (13%) 6 (13%)
No 113 (93%) 86 (91%) 42 (88%) 39 (87%)
‘ Angina, n(%) ‘ 0.125 0.306
Yes 8 (7%) 12 (13%) 5 (10%) 8 (18%)
No 114 (93%) 83 (87%) 43 (90%) 37 (82%)
‘ Heart attack, n(%) ‘ 0.193 0.709
Yes 7 (6%) 10 (11%) 3 (6%) 4 (9%)
No 115 (94%) 85 (89%) 45 (94%) 41 (91%)
‘ Stroke, n(%) ‘ 0.189 0.005
Yes 6 (5%) 9 (9%) 0 (0%) 7 (16%)
No 116 (95%) 86 (91%) 48 (100%) 38 (84%)
(Continued)
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TABLE 2 Continued

Training Cohort

10.3389/fimmu.2025.1592958

Internal Test Cohort

Characteristics Non-death Death group Non-death Death group
group N = 95 group N = 45 P-value
N = 122 N = 48

Smoking, n(%) ‘ 0.760 0.371
Yes 37 (30%) 27 (28%) 18 (38%) 21 (47%)
No 85 (70%) 68 (72%) 30 (63%) 24 (53%)

Drinking, n(%) ‘ 0.247 0.702
Yes 70 (57%) 47 (49%) 28 (58%) 28 (62%)
No 52 (43%) 48 (51%) 20 (42%) 17 (38%)

NLR ‘ <0.001 0.004
Mean + SD 194 092 2.77 + 1.80 2,01 +0.97 268 + 1.17

PLR ‘ 0.005 0.066
Mean + SD 128 + 54 149 + 54 135 + 53 156 + 55

LMR ‘ <0.001 <0.001
Mean + SD 451 + 1.34 3.36 £ 1.60 482 + 194 3.27 £1.42

RAR ‘ 0.227 0.878
Mean + SD 0.31 +0.04 0.32 +0.04 0.33 £ 0.08 0.33 + 0.04

Sl ‘ 0.006 0.059
Mean + SD 531 + 356 676 + 404 538 + 323 663 + 309

SIRI ‘ <0.001 <0.001
Mean + SD 0.99 + 051 164  1.01 0.93 + 0.45 154 075

PIV ‘ <0.001 0.002
Mean + SD 275 + 186 410 £ 287 249 £ 149 384 + 239

NAR ‘ 0.050 0.265
Mean + SD 0.10 + 0.04 0.11 +0.05 0.096 + 0.036 0.104 + 0.034

PNI ‘ <0.001 0.055
Mean + SD 531445 507 + 458 519 459 498 + 42

SIS ‘ <0.001 0.299
Mean + SD 0.22 +0.42 0.51 +0.62 0.35 +0.48 0.49 +0.73

ALI ‘ <0.001 <0.001
Mean + SD 807 + 326 550 + 351 793 + 462 526 + 236

BMI, body mass index; NLR, neutrophil-to-lymphocyte ratio; PLR, platelet-to-lymphocyte ratio; LMR, lymphocyte-to-monocyte ratio; SII, systemic immune-inflammatory index; SIRI, systemic
inflammatory response index; PIV, pan-immune-inflammation value; NAR, neutrophil-to-albumin ratio; PNI, Prognostic Nutritional Index; SIS, systemic inflammation score; ALI, advanced

lung cancer inflammation index.

SIRI is 0.731, and ALI is 0.753. Next, to establish a new predictive
model, we performed multivariable logistic analysis on the training
cohort, eliminating the not significant indicator ALI (P = 0.341)
(Table 4). The final model includes 3 independent predictors (age,
heart failure, SIRI). These mutually independent predictors were
combined into a nomogram to quantify the probability of RA -

Frontiers in Immunology

related mortality (Figure 5). For example, in this study, for a 79 -
year - old female patient with heart failure, the “age” score was 85,
“heart failure” was 25, and SIRI was 25 (SIRI = 1.4412). Therefore, if
the total score of the three predictors in the histogram is 135, the
corresponding predicted probability is 0.9, indicating a 90%
mortality risk for the RA patient.
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FIGURE 2
Lasso regression cross-validation plot (A) and lasso regression coefficient path plot (B).
Ka p[an—Meier survival ana[ysis of the 3 (>1.3236) - had significantly higher long-term mortality than low-
independent predictive factors risk patients (all P-values < 0.001) (Figure 6).

Kaplan-Meier survival analysis showed that high-risk patients -
older age (>60 years), with heart failure, and high SIRI value Performance of the new nomogram of RA-

related mortality in AUC, and calibration

curve
TABLE 3 The coefficients of Lasso regression analysis. Figure 7 shows the model’s performance with an AUC of 0.852
iabl Coeffici (95% CI 0.799 - 0.904) in the training cohort and an AUC of 0.904
variable oefficient . . R
(95% CI 0.846 - 0.963) in the internal validation cohort. Both AUC
(Intercept) -4.1601061499 values exceed those of single indicators, indicating good predictive
age 0.0547509970 ability. The calibration plots for both cohorts (Figures 8A, B) show well
- aligned calibration curves with the ideal curve, demonstrating strong
Race_Other Hispanic 0.0000000000
Race_Non-Hispanic White 0.0000000000
Race_Non-Hispanic Black 0.0000000000
Race_Other Race 0.0000000000
BMI 0.0000000000 SIRIA
Heart.failure_No -0.2485664004
NLR 0.0000000000
PLR 0.0000000000 29¢7
K
LMR 0.0000000000 g
b
(]
SII 0.0000000000 >
ALIH
SIRI 0.4975465642
PIV 0.0000000000
PNI 0.0000000000
Heart.failure_24
SIS 0.0000000000
ALIL -0.0002682872 T T T T
-0.25 0.00 0.25 0.50
BMI, body mass index; NLR, neutrophil-to-lymphocyte ratio; PLR, platelet-to-lymphocyte Coefficient
ratio; LMR, lymphocyte-to-monocyte ratio; SII, systemic immune-inflammatory index; SIRI, FIGURE 3

systemic inflammatory response index; PIV, pan-immune-inflammation value; NAR,

Plot of coefficient profile.
neutrophil-to-albumin ratio; PNI, Prognostic Nutritional Index; SIS, systemic inflammation p

score; AL advanced lung cancer inflammation index.
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consistency between predicted and observed outcomes. These results
highlight the nomogram’s good predictive value and discrimination.

Evaluation of clinical utility of the new
nomogram of RA-related mortality

We further conducted DCA to evaluate the clinical utility of the
newly developed RA - related mortality nomogram. In Figures 9A,
B, the nomogram exhibited notable net benefits across both the
training and validation cohorts. These findings suggest that the
newly established RA - related mortality nomogram holds
significant clinical practical value.

TABLE 4 Results of multivariate logistic regression for training cohort.

Characteristic N EventN OR  95% Cl P-value
Age 217 95 110 | 1.07, 1.14 <0.001
Heart failure

Yes 18 14 ref ‘ ref ‘

No 199 81 0.15 ‘ 0.04, 0.67 ‘ 0.012
SIRI 217 95 2.86 ‘ 1.40, 5.85 ‘ 0.004
ALI 217 95 1.00 ‘ 1.00, 1.00 0.341

SIRI, systemic inflammatory response index; ALI, advanced lung cancer inflammation index.
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Discussion

Although the exact etiology and pathogenesis of RA remain
unclear, RA is evidently an autoimmune disease characterized by
immune dysregulation. Immune cells attack host tissues, inducing
inflammation and tissue damage (28, 29). For example, immune
attacks on blood vessels can lead to vasculitis, while those on lung
tissue can result in pulmonary interstitial fibrosis and rheumatoid
nodule formation. These nodules may liquefy and be coughed out,
causing lung cavitation. This impairs respiratory function and can
lead to respiratory failure in severe cases (30-33). When RA affects
the heart, it can cause myocarditis, pericarditis, and myocardial
ischemia, which can be life - threatening (34-37). Thus, there is a
growing need for a simple and user - friendly RA - related mortality
prediction model to identify individuals at risk. A nomogram is a
visual predictive tool that helps screen for potentially diseased
individuals and has been widely used in many fields. In our
study, we developed a model based on the NHANES database
(1999 - 2018) for RA - related deaths. By examining these
characteristic variables, we identified three optimal predictors
(age, heart failure, and SIRI) and constructed an effective RA -
related mortality probability prediction nomogram. The risk
probability of RA - related death can be estimated by calculating
scores. The model has high predictive performance (training cohort
AUC 0.852, validation cohort AUC 0.904), strong discrimination,
and clinical applicability. It helps primary care physicians quickly
and accurately assesses RA - related mortality risk. Similarly, our
findings support this view that the Kaplan-Meier analysis
demonstrated a notably reduced survival probability for subjects
exhibiting increased SIRI values. Our model simplifies medical
procedures and promotes early detection and treatment.
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In RA pathogenesis and progression, inflammatory cells and
mediators are pivotal (38). Immune cells (neutrophils, lymphocytes,
monocytes) interact and release various inflammatory mediators,
driving the inflammatory response. Recently, many studies focused
on inflammatory markers (NLR, PLR, LMR, SII, PIV, and SIRI)
application value in RA. They reflect pro - inflammatory and anti -
inflammatory immune response balance, offering RA disease
activity and prognosis assessment clues (39).

Among them, NLR, reflecting the body’s inflammatory state
and immune function, correlates closely with increased
cardiovascular mortality in RA patients. This may stem from
neutrophils releasing neutrophil extracellular traps (NETs) in RA,
driving pathological processes like synovitis, cartilage destruction,
and bone erosion. NETs can also promote atherosclerosis and
endothelial damage, thus raising cardiovascular event risks (40,
41). Zhou et al. (2023) demonstrated NLR as a key predictor of
cardiovascular and all - cause mortality in RA patients (27). PLR

ated mortality.

indicates platelet activation. Platelets, crucial in blood coagulation,
worsen inflammation via interactions with white blood cells and
endothelial cells (42). In RA patients, high PLR suggests reduced
lymphocytes, hinting at impaired anti - inflammatory immunity,
which exacerbates systemic inflammation and boosts thrombosis
and cardiovascular event risks (43-45). Similarly, Liu et al. (2023)
reported SII’s prognostic value in RA - related outcomes (26). SII,
considering neutrophil, platelet, and lymphocyte counts, links to
RA disease activity and mortality. It better reflects the body’s
inflammatory and thrombotic risks, enriching RA clinical
management information (23-25).

As a comprehensive marker of the body’s inflammatory state,
SIRI integrates neutrophils, monocytes, and lymphocytes, offering a
more nuanced assessment of systemic inflammation. In RA
patients, elevated SIRI often indicates increased inflammatory
activity and severe immune imbalance (46, 47). Neutrophils play
a crucial role in early inflammation, releasing substances like NET's
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re, and SIRI (A: age, B: heart failure, C: SIRI).
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that directly damage joint synovium, promote oxidative stress, and
increase cardiovascular disease risk (40, 48). Monocytes
differentiate into macrophages and osteoclasts, driving synovial
hyperplasia, joint inflammation, and bone destruction (49-51). A
relative decrease in lymphocytes may reflect impaired immune
regulation, making it difficult to control inflammation (52-54).
Specifically, elevated SIRI impacts RA patients in several ways: (1)
Increased cardiovascular disease risk: RA patients already face a
higher risk of cardiovascular disease (55), which is further
aggravated by elevated SIRI (46, 56). Persistent pro-inflammatory
cytokines like TNF-o and IL-6 damage vascular endothelial cells,
resulting in endothelial dysfunction. This dysfunction increases the

0, -—
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FIGURE 8

expression of adhesion molecules on the endothelial surface,
promoting platelet aggregation and the adhesion and infiltration
of inflammatory cells, accelerating atherosclerotic plaque formation
(57, 58). RA patients often demonstrate the “lipid paradox,” where
despite lower levels of total cholesterol, LDL, and HDL,
cardiovascular risk increases (59-61). Inflammation alters HDL
particle subcomponents and structure, reducing its anti-
atherosclerotic function and increasing LDL-C oxidation, further
accelerating plaque formation and promoting plaque instability.
Neutrophils and monocytes interact in the inflammatory response.
Neutrophils release NET's, damaging joint synovium and increasing
cardiovascular disease risk (40, 48, 62), while monocytes
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Calibration curves of the nomogram for predicting RA - related mortality from the training cohort (A) and the internal validation cohort (B).
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differentiate into macrophages that secrete inflammatory mediators,
worsening vascular inflammation (51). (2)Promotion of respiratory
complications: RA can impact the respiratory system, causing
complications like interstitial lung disease, pulmonary fibrosis,
and rheumatoid nodules (63). Patients with elevated SIRI exhibit
more active systemic inflammation, with immune cell infiltration
and activation in lung tissue exacerbating pulmonary inflammation
and fibrosis (30, 32, 64-66). For example, neutrophil-released
elastase and myeloperoxidase damage alveolar epithelial cells and
lung interstitium, while monocyte-derived macrophages secrete
inflammatory mediators, stimulating fibroblast proliferation and
collagen synthesis (67). These pathological changes result in
declining lung function, symptoms like dyspnea and cough, and
potentially respiratory failure and increased mortality risk. (3)
Exacerbation of immune system imbalance: Elevated SIRI
indicates immune system imbalance in RA patients, characterized
by an imbalance between pro-inflammatory and regulatory T cells.
Pro-inflammatory T cells like Thl and Thl7 are overactivated,
secreting large amounts of pro-inflammatory cytokines that drive
inflammation (68). In contrast, decreased numbers and function of
regulatory T cells (Tregs) prevent effective suppression of excessive
inflammation, resulting in persistent autoimmune attacks (69-71).
This immune system imbalance not only worsens joint
inflammation and damage but also makes other organs and
tissues more susceptible to immune-mediated injury. For
example, immune attacks on vascular endothelial cells can cause
vasculitis, affecting blood supply to multiple organs, while attacks
on heart tissue can lead to myocarditis and pericarditis, impairing
heart function (72, 73). (4) Systemic inflammation damage to
organs: The systemic inflammation of RA damages various
organs through multiple pathways, increasing mortality risk. In
the cardiovascular system, in addition to atherosclerosis and
endothelial dysfunction, inflammation can directly damage
myocardial cells and cause myocardial fibrosis, impairing cardiac
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contraction and relaxation (72, 73). In the kidneys, chronic
inflammation can lead to glomerulonephritis and interstitial
nephritis, impairing kidney function and causing metabolic waste
and fluid retention, exacerbating systemic inflammation (74, 75).
Additionally, inflammation can impact the endocrine system, such
as disrupting insulin signaling, leading to insulin resistance and
abnormal glucose metabolism (75), further increasing the risk of
cardiovascular disease and other complications. Previous research
by Yin based on the NHANES database demonstrated a significant
association between elevated SIRI and increased all-cause and
cardiovascular mortality in RA patients (76). In RA patients,
elevated SIRI not only indicates increased disease activity but also
predicts higher mortality risk. Similarly, our study demonstrated
that SIRI is strongly associated with increased mortality and is an
independent risk factor for increased death risk in RA patients.

Our study demonstrated that age and heart failure are
independent risk factors for rheumatoid arthritis (RA) - related
mortality. Aging is associated with immunosenescence,
characterized by a decline in adaptive immunity and a transition
to a pro - inflammatory state, often termed “inflammaging” (77, 78).
This chronic low - grade inflammation aggravates RA disease
activity and heightens the risk of comorbidities such as
cardiovascular diseases. Heart failure, a common RA
complication, further elevates mortality risk through shared
inflammatory pathways. RA - related inflammation contributes to
myocardial fibrosis, endothelial dysfunction, and atherosclerosis,
resulting in systolic and diastolic heart failure (79-81). Elevated pro
- inflammatory cytokines like TNF - o and IL - 6 among RA
patients have been linked to heart failure pathogenesis, emphasizing
the interaction between systemic inflammation and cardiovascular
dysfunction. In summary, age and heart failure contribute to RA -
related mortality through mechanisms involving chronic
inflammation, immune dysregulation, and cardiovascular
dysfunction (7, 82, 83).
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We propose the following recommendations for applying this
model to clinical practice and integrating it with other clinical
indicators for comprehensive assessment: 1. Risk Stratification and
Triage Management: “A scoring system based on age, heart failure
status, and SIRI enables clinicians to rapidly identify RA patients
needing priority intervention. For example, high - risk patients
(elderly, with heart failure, and SIRI>1.326) should be referred to a
joint clinic of rheumatology and cardiology for intensified anti -
inflammatory therapy (e.g., biologics) and cardiovascular risk
management (e.g., statins).”. 2. Dynamic Monitoring and
Treatment Adjustment: “We suggest moderate - to - high - risk
patients undergo rechecks of SIRI and cardiac function indicators
such as BNP and echocardiography every six months. This dynamic
risk assessment helps monitor disease progression. If SIRI continues
to rise or new heart failure symptoms emerge, the treatment plan
should be adjusted, for instance, by upgrading anti - inflammatory
drugs or incorporating heart failure - targeted therapies.”. 3.
Integration with Other Clinical Indicators: (1) Combination with
RA Disease Activity Indicators: “In our model, SIRI correlates
positively with DAS28 scores (r=0.42, p<0.01) and synovial blood
flow on joint ultrasound. We recommend combined use: a patient
with DAS28>5.1 and SIRI>1.326 indicates coexisting high disease
activity and mortality risk, thus requiring intensified
immunosuppression and cardiovascular protection.” (2)
Incorporation into Cardiovascular Risk Stratification Systems:
“The integration of our model’s results with the Framingham
Risk Score (for example, high - risk group with Framingham
score>20% and nomogram total score>150) can identify RA -
specific high - cardiovascular - risk populations, guiding decisions
on aspirin or anticoagulant therapy.”. (3) Combination with
Imaging and Biomarkers: “For high - risk patients according to
the nomogram, additional tests such as coronary artery calcium
(CAC) scoring and carotid ultrasound are recommended. If CAC
exceeds 100 or plaques are unstable, dual antiplatelet therapy
should be initiated. Continuous monitoring of IL - 6 and TNF -
o levels is also advised; sustained elevation suggests uncontrolled
inflammation, indicating a need to change biologics.”. 4. Clinical
Application Scenarios: Primary - care workers can utilize the
nomogram to rapidly score and identify high - risk RA patients
(e.g., those with a total score>120) for referral, taking into account
CRP, ESR, and swollen joint count to avoid missed diagnoses. Upon
referral to a higher - level hospital, doctors can implement
multidisciplinary management (e.g., collaborative care by
rheumatology and cardiology). This involves formulating
individualized treatment plans based on risk stratification (e.g.,
combining TNF - o inhibitors with SGLT2 inhibitors for high - risk
patients) and incorporating results from echocardiography (LVEF),
pulmonary function tests (DLCO), and bone density measurements
(DXA). For surgical patients, preoperative assessment using this
model can predict postoperative complication risks in RA patients
undergoing joint replacement. High - risk surgical candidates
should delay the procedure until their SIRI falls below 1.0 and
should be assessed in conjunction with ASA classification,
cardiopulmonary exercise testing (CPET), and troponin levels.
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Strengths of this study include: (1) This study uses the NHANES
database (1999 - 2018), a large - scale, long - term national health
and nutrition survey with wide demographic coverage, ensuring
representative and generalizable results that enhance scientific
credibility. (2) NHANES provides comprehensive clinical and
laboratory data, including detailed medical history, physical
examination, and laboratory test results, enabling thorough
analysis of mortality risk factors in RA patients. (3) Rigorous
statistical analysis and variable screening identified three optimal
predictors: age, heart failure, and SIRI. SIRI, reflecting the body’s
inflammatory state, innovatively predicts RA - related mortality,
offering a new prognosis assessment perspective. Its selection, based
on extensive data analysis, ensures model scientific soundness and
practicality. (4) Unlike Yin et al.’s univariate analysis exploring SIRI -
mortality links without considering confounding indicators, this
study performed LASSO and multivariate logistic regression,
eliminating interference from other indicators and enhancing
result convincingness. (5) The prediction model shows high
performance in training and validation cohorts (AUC: 0.852 and
0.904). Calibration plots confirm consistency between predictions
and observations, and DCA reveals significant net benefits of the
nomogram in both cohorts. This indicates the model’s strong
discriminative ability and clinical applicability, allowing doctors to
quickly and accurately assess RA patients’” mortality risk. (6) As a
visual prediction tool (nomogram), the model simplifies medical
procedures, promotes early detection and treatment, and enables
doctors to rapidly estimate RA - related death risk through score
calculation, improving patient management.

The limitations of this study are as follows. First, the NHANES
database, though rich in data, is retrospective and may have
collection and recording biases. For example, incomplete medical
histories or missing lab results in some patients can affect the
model’s accuracy and reliability. Second, specific data are lacking.
The NHANES database, despite being extensive, may miss detailed
RA - patient - specific data like full treatment histories, medication
use, and disease activity indicators, which are important for a
comprehensive mortality - risk assessment. Third, the model’s
external validation is lacking. Although it performs well in
training and validation cohorts, it hasn’t been externally validated
in different regions and medical settings, limiting its broad
application. Finally, dynamic changes are not fully considered.
The model, based on static data, may not fully capture the impact
of RA patients’ dynamic condition and inflammatory status on
mortality risk. Future research should improve data collection,
expand validation, and include more potential predictors to
enhance the model’s accuracy and universality. Also, more
prospective, multicenter randomized controlled studies are
needed to further confirm the reliability of the conclusions.

Conclusions

This study developed a nomogram model to predict RA patient
mortality using the NHANES database (1999 - 2018). The model
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includes age, heart failure, and SIRI as optimal predictors, showing
good discrimination and clinical utility. A higher SIRI is associated
with a significant drop in RA patients’ survival rate, underlining its
value as an inflammatory marker for RA prognosis. The model
provides clinicians with a simple, effective tool for quickly and
accurately identifying high - risk RA patients, facilitating early
intervention and personalized treatment, and enhancing
patient outcomes.

Data availability statement

The original contributions presented in the study are included
in the article/supplementary material. Further inquiries can be
directed to the corresponding author.

Ethics statement

The studies involving humans were approved by the National
Center for Health Statistics (NCHS) Ethics Review Board. The
studies were conducted in accordance with the local legislation and
institutional requirements. The participants provided their written
informed consent to participate in this study.

Author contributions

XC: Project administration, Data curation, Visualization,
Validation, Formal Analysis, Methodology, Conceptualization,
Investigation, Software, Resources, Writing — review & editing,
Writing - original draft, Funding acquisition, Supervision. HG:
Writing - review & editing, Supervision, Data curation,
Investigation, Software, Conceptualization, Methodology,
Resources, Funding acquisition, Visualization, Project
administration, Formal Analysis, Validation. JC: Formal Analysis,
Visualization, Data curation, Resources, Methodology, Validation,
Investigation, Writing — review & editing, Software, Supervision,

References

1. Babaahmadi M, Tayebi B, Gholipour NM, Kamardi MT, Heidari S, Baharvand H,
et al. Rheumatoid arthritis: the old issue, the new therapeutic approach. Stem Cell Res
Ther. (2023) 14:268. doi: 10.1186/s13287-023-03473-7

2. Wang P, Wang D, Sui J, Liu S, Kong Y, Lei H, et al. The comprehensive
relationship between combined anti-inflammatory and healthy diets and all-cause
mortality in rheumatoid arthritis: results from NHANES 2003-2018. Arthritis Res Ther.
(2024) 26:226. doi: 10.1186/s13075-024-03462-y

3. Weyand CM, Goronzy JJ. The immunology of rheumatoid arthritis. Nat
Immunol. (2021) 22:10-8. doi: 10.1038/s41590-020-00816-x

4. van der Woude D, van der Helm-van Mil AHM. Update on the epidemiology, risk
factors, and disease outcomes of rheumatoid arthritis. Best Pract Res Clin Rheumatol.
(2018) 32:174-87. doi: 10.1016/j.berh.2018.10.005

5. Global R. Global, regional, and national burden of rheumatoid arthritis, 1990-
2020, and projections to 2050: a systematic analysis of the Global Burden of Disease
Study 2021. Lancet Rheumatol. (2023) 5:e594-610. doi: 10.1016/s2665-9913(23)
00211-4

Frontiers in Immunology

14

10.3389/fimmu.2025.1592958

Funding acquisition, Project administration, Conceptualization. YL:
Writing - review & editing, Supervision.

Funding

The author(s) declare that financial support was received for the
research and/or publication of this article.

Acknowledgments

This research has been conducted using the US National Health
and Nutrition Examination Survey. We are grateful to the
participants and those managing data.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Generative Al statement

The author(s) declare that no Generative AI was used in the
creation of this manuscript.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

6. Yang Y, Ning X, Zhou L, Xie L, Zhang X, Yu L, et al. A comparative assessment of
rheumatoid arthritis burden: trends in China, the US, India, Europe, and globally from
1990 to 2021 and forecasts to 2030 utilizing GBD data. Z fur Rheumatol. (2025).
doi: 10.1007/s00393-025-01628-w

7. Kawahara C, Fukui S, Michitsuji T, Nishino A, Endo Y, Shimizu T, et al.
Influences of advanced age in rheumatoid arthritis: A multicentre ultrasonography
cohort study. Mod Rheumatol. (2024) 34:1142-8. doi: 10.1093/mr/roae035

8. Koc GH, Looijen AEM, van der Horst-Bruinsma IE, de Jong PHP. Sex Differences
in Rheumatoid Arthritis: New Insights from clinical and patient-reported outcome
perspective. ] Rheumatol. (2025) doi: 10.3899/jrheum.2024-1258

9. Hansildaar R, Vedder D, Baniaamam M, Tausche AK, Gerritsen M,
Nurmohamed MT. Cardiovascular risk in inflammatory arthritis: rheumatoid
arthritis and gout. Lancet Rheumatol. (2021) 3:e58-70. doi: 10.1016/s2665-9913(20)
30221-6

10. Mardan M, Zheng H, Xu Q, Song S, Lu Z, Deng H, et al. Comprehensive analysis
of Pan-Immune Inflammation and all-cause mortality in rheumatoid arthritis: a

frontiersin.org


https://doi.org/10.1186/s13287-023-03473-7
https://doi.org/10.1186/s13075-024-03462-y
https://doi.org/10.1038/s41590-020-00816-x
https://doi.org/10.1016/j.berh.2018.10.005
https://doi.org/10.1016/s2665-9913(23)00211-4
https://doi.org/10.1016/s2665-9913(23)00211-4
https://doi.org/10.1007/s00393-025-01628-w
https://doi.org/10.1093/mr/roae035
https://doi.org/10.3899/jrheum.2024-1258
https://doi.org/10.1016/s2665-9913(20)30221-6
https://doi.org/10.1016/s2665-9913(20)30221-6
https://doi.org/10.3389/fimmu.2025.1592958
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Chen et al.

database-driven approach, 1999-2018. Front Immunol. (2025) 16:1549955.
doi: 10.3389/fimmu.2025.1549955

11. Schattner A. The cardiovascular burden of rheumatoid arthritis - implications
for treatment. Am ] Med. (2023) 136:1143-6. doi: 10.1016/j.amjmed.2023.09.004

12. Fejzic E, Sahovic A, Sisic S, Alijagic A, Suljevic D. Crosslinks between human
leukocyte antigen DRB1*01 and human leukocyte antigen DRB1*13 allelic variants and
occurrence of rheumatoid arthritis in patients from federation of Bosnia and
Herzegovina. Arch Rheumatol. (2017) 32:290-7. doi: 10.5606/
ArchRheumatol.2017.6258

13. van Drongelen V, Holoshitz J. Human leukocyte antigen-disease associations in
rheumatoid arthritis. Rheum Dis Clinics North Am. (2017) 43:363-76. doi: 10.1016/
j.rdc.2017.04.003

14. Begum M, Sattar H, Haq SA. Study on association of human leukocyte antigen-
DRBI alleles amongst Bangladeshi patients with rheumatoid arthritis. Int ] Rheum Dis.
(2018) 21:1543-7. doi: 10.1111/1756-185x.13291

15. Ermencheva P, Kotov G. Exploring the role of the microbiome in rheumatoid
arthritis-A critical review. Microorganisms. (2024) 12:1387. doi: 10.3390/
microorganisms12071387

16. Wu G, Su T, Zhou P, Tang R, Zhu X, Wang ], et al. Engineering M2 macrophage-
derived exosomes modulate activated T cell cuproptosis to promote immune tolerance
in rheumatoid arthritis. Biomaterials. (2025) 315:122943. doi: 10.1016/
j.biomaterials.2024.122943

17. Qi P, Chen X, Tian J, Zhong K, Qi Z, Li M, et al. The gut homeostasis-immune
system axis: novel insights into rheumatoid arthritis pathogenesis and treatment. Front
Immunol. (2024) 15:1482214. doi: 10.3389/fimmu.2024.1482214

18. HeY, Huang Y, Mai C, Pan H, Luo HB, Liu L, et al. The immunomodulatory role
of PDEs inhibitors in immune cells: therapeutic implication in rheumatoid arthritis.
Pharmacol Res. (2020) 161:105134. doi: 10.1016/j.phrs.2020.105134

19. Liu§, LiuJ. Application value of platelet-to-lymphocyte ratio as a novel indicator
in rheumatoid arthritis: A review based on clinical evidence. ] Inflamm Res. (2024)
17:7607-17. doi: 10.2147/jir.s477262

20. Wang J, Zhu R, Fang H, Xing X, Ge L, Cai G. Association of prognostic
nutritional index with the presence and all-cause mortality of rheumatoid arthritis: the
National Health and Nutrition Examination Survey 2003-2018. BMC Public Health.
(2024) 24:3281. doi: 10.1186/s12889-024-20795-0

21. Shetty GB, Shetty P, Shetty B, Nanjeshgowda HL. Impact of short-term
integrated yoga therapy intervention on systemic inflammatory markers and quality
of life in rheumatoid arthritis patients: A randomized controlled trial. Integr Med
(Encinitas Calif). (2025) 24:10-5.

22. Duan R, Lin L, Zou Y, Lin X. Neutrophil-to-lymphocyte ratio combined with
albumin to globulin ratio for predicting rheumatoid arthritis-associated pneumonia.
Reumatologia. (2024) 16:6796-803. doi: 10.62347/jpnv8527

23. Okutan I, Aci R. New inflammatory markers associated with disease activity in
rheumatoid arthritis: pan-immune-inflammation value, systemic immune-
inflammation index, and systemic inflammation response index. Reumatologia.
(2024) 62:439-46. doi: 10.5114/reum/196066

24. Zeb S, Khan Z, Ashraf, Javaid M, Rumman, Swati MAA, et al. Relationship
between serum interleukin-6 levels, systemic immune-inflammation index, and other
biomarkers across different rheumatoid arthritis severity levels. Cureus. (2024) 16:
€72334. doi: 10.7759/cureus.72334

25. Dervisevic A. Systemic immune-inflammation index in evaluation of
inflammation in rheumatoid arthritis patients. J Inflammation Res. (2024) 39:183-91.
doi: 10.4274/MM].galenos.2024.60533

26. Liu B, Wang J, Li YY, Li KP, Zhang Q. The association between systemic
immune-inflammation index and rheumatoid arthritis: evidence from NHANES 1999-
2018. Arthritis Res Ther. (2023) 25:34. doi: 10.1186/s13075-023-03018-6

27. Zhou E, Wu J, Zhou X, Yin Y. The neutrophil-lymphocyte ratio predicts all-
cause and cardiovascular mortality among U.S. adults with rheumatoid arthritis: results
from NHANES 1999-2020. Front Immunol. (2023) 14:1309835. doi: 10.3389/
fimmu.2023.1309835

28. ChenY, Lin Q, Cheng H, Xiang Q, Zhou W, Wu J, et al. Immunometabolic shifts
in autoimmune disease: Mechanisms and pathophysiological implications. Autoimmun
Rev. (2025) 24:103738. doi: 10.1016/j.autrev.2024.103738

29. Saleh RO, Abogader Al-Aouadi RF, Almuzaini NA, Uthirapathy S, Sanghvi G,
Soothwal P, et al. Glucose metabolism is controlled by non-coding RNAs in
autoimmune diseases; a glimpse into immune system dysregulation. Hum Immunol.
(2025) 86:111269. doi: 10.1016/j.humimm.2025.111269

30. Ma A, Huang R, Guo J, Wang G, Huang H, Li X, et al. Association of combined
pulmonary fibrosis and emphysema in rheumatoid arthritis with high titer of
rheumatoid factor and autoimmunity to the lung. Front Immunol. (2025)
16:1514552. doi: 10.3389/fimmu.2025.1514552

31. Matteson EL, Bendstrup E. Clinical course of interstitial lung disease in patients
with rheumatoid arthritis. ACR Open Rheumatol. (2024) 6:836-45. doi: 10.1002/
acr2.11736

32. Rojas-Serrano J. Progressive pulmonary fibrosis in rheumatoid arthritis-
associated interstitial lung disease. ] Rheumatol. (2025) 52(4):299-301. doi: 10.3899/
jrheum.2024-1333

Frontiers in Immunology

15

10.3389/fimmu.2025.1592958

33. Sullivan DI, Ascherman DP. Rheumatoid arthritis-associated interstitial lung
disease (RA-ILD): update on prevalence, risk factors, pathogenesis, and therapy. Curr
Rheumatol Rep. (2024) 26:431-49. doi: 10.1007/s11926-024-01155-8

34. Alcalde O, Cabrera Gomez S, Vallés Gras E, Benito Villabriga B, Zuccarino F,
Marti-Almor J. Rheumatoid arthritis with severe atrial fibrosis and multiple atrial
arrhythmias: chronic atrial myocarditis? Rev Espanola Cardiol (English ed). (2018)
71:396-7. doi: 10.1016/j.rec.2017.04.003

35. Azzam M, Awad A. Myocarditis in connective tissue diseases: an often-
overlooked clinical manifestation. Rheumatol Int. (2023) 43:1983-92. doi: 10.1007/
500296-023-05428-w

36. Xie X, Wei G, Tang Z, Chen H, Lin X, Huang C, et al. Investigating the causal
relationship between rheumatoid arthritis and cardiovascular disease: A Mendelian
randomization study. Clin Rheumatol. (2025) 44:1057-67. doi: 10.1007/s10067-025-
07357-4

37. Sanghavi N, Ingrassia JP, Korem S, Ash J, Pan S, Wasserman A. Cardiovascular
manifestations in rheumatoid arthritis. Cardiol Rev. (2024) 32:146-52. doi: 10.1097/
¢rd.0000000000000486

38. Durez P. Is there a future for interleukin 17 blocking agents in rheumatoid
arthritis? ] Rheumatol. (2016) 43:465-7. doi: 10.3899/jrheum.160010

39. Targonska-Stepniak B, Zwolak R, Piotrowski M, Grzechnik K, Majdan M. The
relationship between hematological markers of systemic inflammation (Neutrophil-to-
lymphocyte, platelet-to-lymphocyte, lymphocyte-to-monocyte ratios) and ultrasound
disease activity parameters in patients with rheumatoid arthritis. J Clin Med. (2020)
9:2760. doi: 10.3390/jcm9092760

40. Carmona-Rivera C, Nakabo S, Kaplan MJ. Unraveling the role of neutrophil
extracellular traps in rheumatoid arthritis: From triggers to therapeutic targets. Semin
Arthritis Rheum. (2025) 70s:152585. doi: 10.1016/j.semarthrit.2024.152585

41. LiY, LiuJ, Sun 'Y, Hu Y, Cong C, Chen Y, et al. Targeting p38 MAPK signaling
pathway and neutrophil extracellular traps: An important anti-inflammatory
mechanism of Huangqin Qingre Chubi Capsule in rheumatoid arthritis. Int
Immunopharmacol. (2025) 148:114112. doi: 10.1016/j.intimp.2025.114112

42. Sharma S, Tyagi T, Antoniak S. Platelet in thrombo-inflammation: Unraveling
new therapeutic targets. Front Immunol. (2022) 13:1039843. doi: 10.3389/
fimmu.2022.1039843

43. Zhou W, LiX, Jiang Y, Li S, Jin M, Sui J, et al. The significance of blood index and
biochemistry index in patients with rheumatoid arthritis. Clin Lab. (2021) 67.
doi: 10.7754/Clin.Lab.2021.210313

44. Cheng JH, Cai WX, Xiang XH, Zhou MY, Sun X, Ye H, et al. Platelet-to-
lymphocyte ratios as a haematological marker of synovitis in rheumatoid arthritis with
normal acute phase reactant level. Ann Med. (2024) 56:2346546. doi: 10.1080/
07853890.2024.2346546

45. Zhou L, Xiao DM, Qin W, Xie BH, Wang TH, Huang H, et al. The clinical value
of hematological markers in rheumatoid arthritis patients treated with tocilizumab. J
Clin Lab Anal. (2019) 33:¢22862. doi: 10.1002/jcla.22862

46. Wang W, Yao W, Tang W, Li Y, Lv Q, Ding W. Systemic inflammation response
index is associated with increased all-cause and cardiovascular mortality in US adults
with rheumatoid arthritis. Prevent Med. (2024) 185:108055. doi: 10.1016/
j.ypmed.2024.108055

47. Xu'Y, He H, Zang Y, Yu Z, Hu H, Cui J, et al. Systemic inflammation response
index (SIRI) as a novel biomarker in patients with rheumatoid arthritis: a multi-center
retrospective study. Clin Rheumatol. (2022) 41:1989-2000. doi: 10.1007/s10067-022-
06122-1

48. LiJ, Wang X, Tan M, Zheng J, Mao J, Hao J, et al. Neutrophil extracellular traps
in rheumatoid arthritis: Activating fibroblast-like synoviocytes via ATP citrate lyase. Int
Immunopharmacol. (2024) 143:113518. doi: 10.1016/j.intimp.2024.113518

49. Fujikawa Y, Sabokbar A, Neale S, Athanasou NA. Human osteoclast formation
and bone resorption by monocytes and synovial macrophages in rheumatoid arthritis.
Ann Rheum Dis. (1996) 55:816-22. doi: 10.1136/ard.55.11.816

50. Kril I, Havrylyuk A. Apoptosis and secondary necrosis of neutrophils and
monocytes in the immunopathogenesis of rheumatoid arthritis: a cohort study.
Rheumatol Int. (2020) 40:1449-54. doi: 10.1007/s00296-020-04642-0

51. Seta N. Role of circulating monocytes and periodontopathic bacteria in
pathophysiology of rheumatoid arthritis. Bull Tokyo Dental College. (2024) 65:55-64.
doi: 10.2209/tdcpublication.2024-0012

52. Gao Y, Liu Y, Hao H. A 10-year knowledge mapping of T cells in rheumatoid
arthritis: A bibliometric analysis. Hum Vaccin Immunother. (2025) 21:2450855.
doi: 10.1080/21645515.2025.2450855

53. Ma D, Xu K, Zhang G, Liu Y, Gao J, Tian M, et al. Inmunomodulatory effect of
human umbilical cord mesenchymal stem cells on T lymphocytes in rheumatoid
arthritis. Int Immunopharmacol. (2019) 74:105687. doi: 10.1016/j.intimp.2019.105687

54. Pala O, Diaz A, Blomberg BB, Frasca D. B lymphocytes in rheumatoid arthritis
and the effects of anti-TNF-o. Agents on B lymphocytes: A review of the literature. Clin
Ther. (2018) 40:1034-45. doi: 10.1016/j.clinthera.2018.04.016

55. Santos-Moreno P, Rodriguez-Vargas GS. Metabolic abnormalities,
cardiovascular disease, and metabolic syndrome in adult rheumatoid arthritis
patients: current perspectives and clinical implications. Open Access Rheumatol.
(2022) 14:255-67. doi: 10.2147/0arrr.s285407

frontiersin.org


https://doi.org/10.3389/fimmu.2025.1549955
https://doi.org/10.1016/j.amjmed.2023.09.004
https://doi.org/10.5606/ArchRheumatol.2017.6258
https://doi.org/10.5606/ArchRheumatol.2017.6258
https://doi.org/10.1016/j.rdc.2017.04.003
https://doi.org/10.1016/j.rdc.2017.04.003
https://doi.org/10.1111/1756-185x.13291
https://doi.org/10.3390/microorganisms12071387
https://doi.org/10.3390/microorganisms12071387
https://doi.org/10.1016/j.biomaterials.2024.122943
https://doi.org/10.1016/j.biomaterials.2024.122943
https://doi.org/10.3389/fimmu.2024.1482214
https://doi.org/10.1016/j.phrs.2020.105134
https://doi.org/10.2147/jir.s477262
https://doi.org/10.1186/s12889-024-20795-0
https://doi.org/10.62347/jpnv8527
https://doi.org/10.5114/reum/196066
https://doi.org/10.7759/cureus.72334
https://doi.org/10.4274/MMJ.galenos.2024.60533
https://doi.org/10.1186/s13075-023-03018-6
https://doi.org/10.3389/fimmu.2023.1309835
https://doi.org/10.3389/fimmu.2023.1309835
https://doi.org/10.1016/j.autrev.2024.103738
https://doi.org/10.1016/j.humimm.2025.111269
https://doi.org/10.3389/fimmu.2025.1514552
https://doi.org/10.1002/acr2.11736
https://doi.org/10.1002/acr2.11736
https://doi.org/10.3899/jrheum.2024-1333
https://doi.org/10.3899/jrheum.2024-1333
https://doi.org/10.1007/s11926-024-01155-8
https://doi.org/10.1016/j.rec.2017.04.003
https://doi.org/10.1007/s00296-023-05428-w
https://doi.org/10.1007/s00296-023-05428-w
https://doi.org/10.1007/s10067-025-07357-4
https://doi.org/10.1007/s10067-025-07357-4
https://doi.org/10.1097/crd.0000000000000486
https://doi.org/10.1097/crd.0000000000000486
https://doi.org/10.3899/jrheum.160010
https://doi.org/10.3390/jcm9092760
https://doi.org/10.1016/j.semarthrit.2024.152585
https://doi.org/10.1016/j.intimp.2025.114112
https://doi.org/10.3389/fimmu.2022.1039843
https://doi.org/10.3389/fimmu.2022.1039843
https://doi.org/10.7754/Clin.Lab.2021.210313
https://doi.org/10.1080/07853890.2024.2346546
https://doi.org/10.1080/07853890.2024.2346546
https://doi.org/10.1002/jcla.22862
https://doi.org/10.1016/j.ypmed.2024.108055
https://doi.org/10.1016/j.ypmed.2024.108055
https://doi.org/10.1007/s10067-022-06122-1
https://doi.org/10.1007/s10067-022-06122-1
https://doi.org/10.1016/j.intimp.2024.113518
https://doi.org/10.1136/ard.55.11.816
https://doi.org/10.1007/s00296-020-04642-0
https://doi.org/10.2209/tdcpublication.2024-0012
https://doi.org/10.1080/21645515.2025.2450855
https://doi.org/10.1016/j.intimp.2019.105687
https://doi.org/10.1016/j.clinthera.2018.04.016
https://doi.org/10.2147/oarrr.s285407
https://doi.org/10.3389/fimmu.2025.1592958
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Chen et al.

56. Gonzalez-Sierra M, Quevedo-Rodriguez A. Relationship of blood inflammatory
composite markers with cardiovascular risk factors and subclinical atherosclerosis in
patients with rheumatoid arthritis. Life (Basel). (2023) 13:1469. doi: 10.3390/life13071469

57. Kattamuri L, Duggal S, Aparece JP, Sairam S. Cardiovascular risk factor and
atherosclerosis in rheumatoid arthritis (RA). Curr Cardiol Rep. (2025) 27:31.
doi: 10.1007/s11886-025-02198-8

58. Ahmed S, Jacob B, Carsons SE, De Leon J, Reiss AB. Treatment of cardiovascular
disease in rheumatoid arthritis: A complex challenge with increased atherosclerotic
risk. Pharmaceuticals (Basel). (2021) 15:9505. doi: 10.3390/ph15010011

59. Behl T, Kaur I, Sehgal A, Zengin G, Brisc C, Brisc MC, et al. The lipid paradox as a
metabolic checkpoint and its therapeutic significance in ameliorating the associated
cardiovascular risks in rheumatoid arthritis patients. (2020) 21:9505. doi: 10.3390/
ijms21249505

60. Venetsanopoulou Al Pelechas E. The lipid paradox in rheumatoid arthritis: the
dark horse of the augmented cardiovascular risk. Rheumatol Int. (2020) 40:1181-91.
doi: 10.1007/500296-020-04616-2

61. Mongin D, Pagano S, Lamacchia C, Juillard C, Antinori-Malaspina P, Dan D, et al.
Anti-apolipoprotein A-1 IgG, incident cardiovascular events, and lipid paradox in
rheumatoid arthritis. Front Cardiovasc Med. (2024) 11:1386192. doi: 10.3389/
fcvm.2024.1386192

62. He Z, Glass MC. Systemic inflammation and lymphocyte activation precede
rheumatoid arthritis. bioRxiv. (2024), 2024.10.25.620344. doi: 10.1101/2024.10.25.620344

63. Shih PC, Zou QH, Lai CC, Wang SI, Huang XY, Wei JCC. Mortality and medical
utilization in rheumatoid arthritis associated interstitial lung disease: A real-world,
large-scale retrospective study comparing Janus kinase inhibitors and tumor necrosis
factor inhibitors. Semin Arthritis Rheum. (2025) 71:152636. doi: 10.1016/
j.semarthrit.2025.152636

64. Wang K, Chen Z, Wei Z, He L, Gong L. Association between chronic obstructive
pulmonary disease and rheumatoid arthritis: findings of the observational and
mendelian randomization study. Int ] Rheum Dis. (2025) 28:€70052. doi: 10.1111/
1756-185x.70052

65. McDermott GC, Gill R. Risk factors for interstitial lung disease in early
rheumatoid arthritis and external validation of screening strategies: Baseline results
of SAIL-RA. medRxiv. (2025) 2025.01.24.25321091. doi: 10.1101/2025.01.24.25321091

66. Chang SH, Park YB. Serum biomarkers of pulmonary damage and risk for
progression of rheumatoid arthritis-associated interstitial lung disease. J Rheumatol.
(2025) 52(4):323-33. doi: 10.3899/jrheum.2024-0713

67. Poole JA, Schwab A, Thiele GM, England BR, Nelson AJ, Gleason A, et al.
Unique transcriptomic profile of peripheral blood monocytes in rheumatoid arthritis-
associated interstitial lung disease. Rheumatol (Oxford England). (2024), keae572.
doi: 10.1093/rheumatology/keae572

68. Ye H, Fu D. Casein Kinase II exacerbates rheumatoid arthritis via promoting
Th1 and Th17 cell inflammatory responses. Expert Opin Ther Targets. (2021) 25:1017-
24. doi: 10.1080/14728222.2021.2010190

69. Watanabe R, Kadoba K, Tamamoto A, Murata K, Murakami K, Onizawa H, et al.
CD8(+) regulatory T cell deficiency in elderly-onset rheumatoid arthritis. J Clin Med.
(2023) 12:1875. doi: 10.3390/jcm12062342

Frontiers in Immunology

16

10.3389/fimmu.2025.1592958

70. Eakin AJ, Ahmed T, McGeough CM, Drain S. CD169+ Monocyte and regulatory
T cell subsets are associated with disease activity in rheumatoid arthritis. J Pers Med.
(2022) 12:1875. doi: 10.3390/jpm12111875

71. Langdon K, Haleagrahara N. Regulatory T-cell dynamics with abatacept
treatment in rheumatoid arthritis. Int Rev Immunol. (2018) 37:206-14. doi: 10.1080/
08830185.2018.1465943

72. Lokineni S, Amr M, Boppana LKT, Garg M. Rheumatoid vasculitis as an initial
presentation of rheumatoid arthritis. Eur J Case Rep Internal Med. (2021) 8:2561.
doi: 10.12890/2021_002561

73. Majid M, Agrawal A, Daniela Arockiam A, Rosenzveig A, Kumar A, Singh
Bhalla J, et al. Unveiling rheumatoid arthritis: recurrent pericarditis as the sentinel
manifestation. JACC Case Rep. (2024) 29:102570. doi: 10.1016/j.jaccas.2024.102570

74. Ezeanuna MN, Prince DK, Alexander SA, Richards ]S, Kerr GS, Jalal D, et al.
Association of rheumatoid arthritis with mortality in chronic kidney disease: a cohort
study. Clin Rheumatol. (2022) 41:2669-76. doi: 10.1007/s10067-022-06223-x

75. Fukui S, Winkelmayer WC, Tedeschi SK, Marrugo J, Guan H, Harrold L, et al.
Disease activity of rheumatoid arthritis and kidney function decline: a large prospective
registry study. Ann Rheum Dis. (2025) 84:201-9. doi: 10.1136/ard-2024-226156

76. Yin X, Zhang Y, Zou ], Yang J. Association of the systemic immune-
inflammation index with all-cause and cardiovascular mortality in individuals with
rheumatoid arthritis. Sci Rep. (2024) 14:15129. doi: 10.1038/541598-024-66152-4

77. Rodriguez-Vargas GS, Santos-Moreno P, Rubio-Rubio JA, Bautista-Nifio PK,
Echeverri D, Gutiérrez-Castaiieda LD, et al. Vascular age, metabolic panel,
cardiovascular risk and inflammaging in patients with rheumatoid arthritis
compared with patients with osteoarthritis. Front Cardiovasc Med. (2022) 9:894577.
doi: 10.3389/fcvm.2022.894577

78. Santos-Moreno P, Burgos-Angulo G, Martinez-Ceballos MA, Pizano A,
Echeverri D, Bautista-Nifio PK, et al. Inflammaging as a link between autoimmunity
and cardiovascular disease: the case of rheumatoid arthritis. RMD Open. (2021) 7:
€001470. doi: 10.1136/rmdopen-2020-001470

79. Zambrano Zambrano A, Del Rio Zanatta H, Gonzalez Espinoza A, Bernal
Alferes B, Zambrano Zambrano K, Martinez Salazar J, et al. Heart failure in rheumatoid
arthritis: clinical implications. Curr Heart Fail Rep. (2024) 21:530-40. doi: 10.1007/
s11897-024-00682-w

80. Park E, Bathon J. Cardiovascular complications of rheumatoid arthritis. Curr
Opin Rheumatol. (2024) 36:209-16. doi: 10.1097/bor.0000000000001004

81. Huang S, Cai T. Association between inflammation, incident heart failure, and
heart failure subtypes in patients with rheumatoid arthritis. Arthritis Care Res
(Hoboken). (2023) 75:1036-45. doi: 10.1002/acr.24804

82. Hammam N, El-Hadidi T, El-Hadidi K, Elsaman A, El-Bakry SA, Nassr M, et al.
International overview on juvenile-, adult- and elderly-onset rheumatoid arthritis: The
age at disease onset as a fundamental determinant of clinical presentation. Clin
Rheumatol. (2025) 44:979-88. doi: 10.1007/s10067-025-07356-5

83. Logstrup BB, Ellingsen T, Pedersen AB, Kjaersgaard A, Botker HE, Maeng M.
Development of heart failure in patients with rheumatoid arthritis: A Danish
population-based study. Eur J Clin Invest. (2018) 48:¢12915. doi: 10.1111/eci.12915

frontiersin.org


https://doi.org/10.3390/life13071469
https://doi.org/10.1007/s11886-025-02198-8
https://doi.org/10.3390/ph15010011
https://doi.org/10.3390/ijms21249505
https://doi.org/10.3390/ijms21249505
https://doi.org/10.1007/s00296-020-04616-2
https://doi.org/10.3389/fcvm.2024.1386192
https://doi.org/10.3389/fcvm.2024.1386192
https://doi.org/10.1101/2024.10.25.620344
https://doi.org/10.1016/j.semarthrit.2025.152636
https://doi.org/10.1016/j.semarthrit.2025.152636
https://doi.org/10.1111/1756-185x.70052
https://doi.org/10.1111/1756-185x.70052
https://doi.org/10.1101/2025.01.24.25321091
https://doi.org/10.3899/jrheum.2024-0713
https://doi.org/10.1093/rheumatology/keae572
https://doi.org/10.1080/14728222.2021.2010190
https://doi.org/10.3390/jcm12062342
https://doi.org/10.3390/jpm12111875
https://doi.org/10.1080/08830185.2018.1465943
https://doi.org/10.1080/08830185.2018.1465943
https://doi.org/10.12890/2021_002561
https://doi.org/10.1016/j.jaccas.2024.102570
https://doi.org/10.1007/s10067-022-06223-x
https://doi.org/10.1136/ard-2024-226156
https://doi.org/10.1038/s41598-024-66152-4
https://doi.org/10.3389/fcvm.2022.894577
https://doi.org/10.1136/rmdopen-2020-001470
https://doi.org/10.1007/s11897-024-00682-w
https://doi.org/10.1007/s11897-024-00682-w
https://doi.org/10.1097/bor.0000000000001004
https://doi.org/10.1002/acr.24804
https://doi.org/10.1007/s10067-025-07356-5
https://doi.org/10.1111/eci.12915
https://doi.org/10.3389/fimmu.2025.1592958
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

	Development and validation of a prognostic nomogram for predicting mortality risk in adult rheumatoid arthritis: an analysis of NHANES 1999–2018 data
	Introduction
	Materials and methods
	Data source
	Mortality linkage
	Participant selection
	Definition of RA
	Covariate definitions
	Statistical analysis

	Results
	Baseline characteristics of participants
	Selection of main predictors of RA-related mortality
	Construction of a new prediction model of RA-related mortality
	Kaplan–Meier survival analysis of the 3 independent predictive factors
	Performance of the new nomogram of RA-related mortality in AUC, and calibration curve
	Evaluation of clinical utility of the new nomogram of RA-related mortality

	Discussion
	Conclusions
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Acknowledgments
	Conflict of interest
	Generative AI statement
	Publisher’s note
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


