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Objective: This study aimed to develop a predictive model for assessing internal bleeding risk in elderly aspirin users using machine
learning.

Methods: A total of 26,030 clderly aspirin users (aged over 65) were retrospective included in the study. Data on patient
demographics, clinical features, underlying diseases, medical history, and laboratory examinations were collected from Affiliated
Dongyang Hospital of Wenzhou Medical University. Patients were randomly divided into two groups, with a 7:3 ratio, for model
development and internal validation, respectively. Least absolute shrinkage and selection operator (LASSO) regression, extreme
gradient boosting (XGBoost), and multivariate logistic regression were employed to develop prediction models. Model performance
was evaluated using area under the curve (AUC), calibration curves, decision curve analysis (DCA), clinical impact curve (CIC), and
net reduction curve (NRC).

Results: The XGBoost model exhibited the highest AUC among all models. It consisted of six clinical variables: HGB, PLT, previous
bleeding, gastric ulcer, cerebral infarction, and tumor. A visual nomogram was developed based on these six variables. In the training
dataset, the model achieved an AUC of 0.842 (95% CI: 0.829-0.855), while in the test dataset, it achieved an AUC of 0.820 (95% CI:
0.800-0.840), demonstrating good discriminatory performance. The calibration curve analysis revealed that the nomogram model
closely approximated the ideal curve. Additionally, the DCA curve, CIC, and NRC demonstrated favorable clinical net benefit for the
nomogram model.

Conclusion: This study successfully developed a predictive model to estimate the risk of bleeding in elderly aspirin users. This model
can serve as a potential useful tool for clinicians to estimate the risk of bleeding in elderly aspirin users and make informed decisions
regarding their treatment and management.
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Introduction

Aspirin is extensively utilized in the management and prevention of various diseases, particularly coronary artery
disease." However, the use of aspirin in elderly patients poses a challenge due to an elevated risk of bleeding.”
Balancing the prevention of cardiovascular events with minimizing bleeding risks is a major concern.’

Elderly individuals are prone to aspirin-induced gastric injury,® Recent evidence suggests that daily aspirin
use does not improve survival in healthy elderly individuals (> 70 years old). Conversely, the aspirin group had
a higher incidence of major hemorrhage compared to control group.’ Several bleeding risk scores have been
developed to assist in selecting appropriate treatment regimens and durations, providing valuable insights for
clinical practice.® The PRECISE-DAPT risk score accurately predicts bleeding risk in aspirin users and has been
recommended (Class 1IB) for identifying high-risk patients susceptible to bleeding.” The bleeding score effec-
tively stratifies bleeding and ischemic risk across diverse study populations, consistently providing benefit-risk
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difference stratification.® European guidelines emphasize a personalized approach to balancing bleeding and
ischemic risks instead of a generalized strategy for aspirin use.’ Although American and European guidelines
primarily recommend PARIS and PRECISE scores, they have limitations due to variations in patient cohorts.'%'!
New clinical models have recently emerged to improve hemorrhagic event prediction, incorporating commonly
used scoring systems such as CRUSADE,'? ARC-HBR,"} ACUITY-HORIZONS,'* BleeMACS,'> TIMI risk
score,'® HAS-Bled score,!” GRACE score,'? and CHA2DS2-VASC score.'® These scores evaluate various
clinical characteristics including coronary anatomy, surgical procedures, genotyping, lifestyle factors, and treat-

ment adherence.'®

Inferior vena cava (IVC) filter placement is associated with important long-term
complications.”® Predictive models for filter-related complications may help guide clinical decision-making but
remain limited.”° Given the presence of multiple bleeding risk scores, there is an urgent need for a highly
accurate clinical model that can adjust aspirin type and duration to minimize ischemic risk while avoiding
increased bleeding risk. Each score has its advantages and limitations based on the characteristics of the patient
cohorts used for development and validation, making them applicable to specific patients, clinical contexts, and
timeframes.'” We previously published a study examining bleeding risk in all aspirin-using patients.”’ Our
current article specifically investigates bleeding risk in elderly aspirin users, recognizing this subgroup’s
heightened susceptibility to bleeding. Balancing the harm and benefit remains a challenge for clinicians,
especially when managing bleeding risk in elderly aspirin users. Further research is required to determine the
association between bleeding events and the application of bleeding risk scores.

This study aimed to develop new bleeding risk scores for elderly aspirin users and assess their predictive capabilities.

Methods
Study Population

Participants for this study were retrospective recruited from the Affiliated Dongyang Hospital of Wenzhou
Medical University. The inclusion criteria included hospitalized individuals aged over 65 years who had
documented aspirin use in electronic medical records (EMRs) from January 2008 to December 2017. This
study was reviewed and approved by the Ethics Committee of the Affiliated Dongyang Hospital of Wenzhou
Medical University (approval #2023-YX-408). As this was a retrospective clinical data analysis, the necessity of
informed consent was waived by the ethics committee. All patient medical data were anonymized and de-
identified before the analysis. This research involving human participants was conducted in accordance with the
principles of the Declaration of Helsinki.

Outcome Definition

The occurrence of any recorded bleeding events, such as cerebral hemorrhage, gastrointestinal bleeding, mucosal
bleeding, or other common types of bleeding, within 5 years after the administration of aspirin was examined using
hospital EMRs discharge records. In this study, the presence of bleeding was categorized as positive, while the absence of
bleeding was considered negative.

Risk Factors

From the hospital EMRs, we collected the following information of the subjects: gender, age, height, weight,
BMI, and past medical history including smoking, hypertension, drinking, surgical history, diabetes, tumors,
previous bleeding events, Percutaneous Coronary Interventions (PCI), cerebral infarction, acute myocardial
infarction, use of gastric protective drugs, gastric ulcers, anticoagulant usage, portal hypertension, and various
clinical test indicators such as peripheral hemoglobin (HGB), platelet count (PLT), white blood cell count
(WBC), and glomerular filtration rate (GFR), cardiac ejection fraction (EF). The lowest values of clinical test
indicators within one month prior to starting aspirin were considered. Other past medical histories were recorded
if they occurred before the initiation of aspirin.
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Data Pre-Processing

The clinical research big data obtained underwent rigorous cleaning procedures, including the removal of outliers and
imputation of missing values. Indicators with missing values exceeding 20%, such as height, weight, BMI, EF, and GFR,
were excluded from the analysis. Multiple imputation techniques were applied to handle missing predictor values. The
data was then divided into a training set (70% of the data) and a test set (remaining portion) for model training and
evaluation. The classification model was trained using the training set, while the performance of the model was assessed

using the test set.

Model Building

Least absolute shrinkage and selection operator (LASSO) regression and extreme gradient boosting (XGBoost)
machine learning algorithms were employed to identify the optimal predictive features. Shapley additive
explanation (SHAP) values were used to assess feature importance. Logistic regression modeling was performed
on the 5 or 10 most significant parameters from the XGBoost model, as well as the parameters selected by
LASSO regression. These parameters were grouped into three models. Performance comparison of these models
included metrics such as area under the receiver operating characteristic (ROC) curve (AUC), Net
Reclassification Improvement (NRI), and Integrated Discrimination Improvement (IDI). The best-performing
model was selected based on these metrics. A nomogram was then developed using this model to predict

bleeding risk.***

Model Evaluation

The model’s discrimination performance was evaluated by assessing its sensitivity, specificity, and the area under
the ROC curve (AUC). Calibration was examined using calibration curves. The efficacy of the identified risk
factors in predicting bleeding risk was verified through decision curve analysis (DCA), clinical impact curve
(CIC), and net reduction curve (NRC). These analyses considered the net benefit for patients under different risk
thresholds. Furthermore, the model was validated by comparing it to individual indicators in terms of discrimi-
nation. For a visual representation of the model construction and validation process, refer to Figure | in the
flowchart.

Statistical Methods

Statistical analysis and data visualization were performed using R4.2.1 software on Windows. Continuous
variables were presented as means with standard deviations or medians with interquartile ranges and compared
using Student’s ¢-test or Mann—Whitney U-test. Categorical variables were expressed as frequencies with
percentages and compared using y>-test or Fisher’s exact test. Multiple imputation techniques were implemented
using the “mice” package. The “comparegroups” package was used for baseline description and differences
analysis. LASSO regression utilized the “glmnet” package, while multivariable logistic regression employed the
“glm” package. The nomogram was created with the “regplot” package, and NRI calculations utilized the
“nricens” package. IDI analysis was conducted using the “PredictABEL” package. Discrimination analysis
utilized the “pROC”, “ggROC”, and “fbroc” packages. Calibration assessment was performed with the “rms”
and “riskregression” packages. DCA and CIC were carried out using the “rmda”, “dca.R”, and “dcurves”
packages. ROC analysis comparisons of multiple models were conducted with the “ROCR” package, while
DCA comparisons were performed using the “Dcurves” package. Diagnostic evaluation utilized the “reportROC”
package. All statistical tests were two-sided, and a significance level of P < 0.05 was considered statistically

significant.
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Results

Study Population Characteristics

A total of 26,030 elderly aspirin users were included in the study, with 1565 experiencing bleeding. Among the 25
variables examined, WBC, HGB, PLT, Height, Weight, BMI, EF, and GFR were continuous variables. Variables with
missing information in over 20% of patients (Height, Weight, BMI, EF, and GFR) were excluded, resulting in 20
variables with less than 20% missing data (detailed in Appendix 1). No significant differences were observed in terms of
myocardial infarction and PCI between cohorts with and without bleeding. Table 1 presents the baseline characteristics of
the aspirin users. A random 7:3 division allocated patients to the training set (n=18,221) and the test set (n=7809).
Table 2 displays the baseline characteristics of patients in both sets, showing no significant differences for each indicator
between the two cohorts.

Selected Predictors and Construction Model
Three variables (previous bleeding, HGB, and cerebral infarction) were selected for inclusion in the model using LASSO
regression with ten-fold cross-validation. The pathway of variable shrinkage and cross-validation is illustrated in
Figure 2A and B, respectively. The XGBoost model explained feature importance using SHAP, as shown in Figure 3.
We performed separate multivariate logistic regression modeling using the five most important indicators, the ten most
important indicators from SHAP, and three indicators selected by LASSO regression. After multivariate logistic
regression with the “backward” process, several variables were included in the final models (Table 3). Model 4 included
four indicators, while Model 6 included six indicators.

The ROC curves for the LASSO model, Model 4, and Model 6 in the training set are presented in Figure 4. Results
show that Model 6 exhibited significantly superior discrimination compared to the other two models based on DeLong’s
test (p<<0.001). Additionally, a comparison of Model 6 and Model 4 using NRI and IDI metrics indicated that Model

Table | Baseline Characteristics of Subjects

Variables Total N=26030 | No Bleeding N=24465 | Bleeding N=1565 P
Sex <0.001
Female 11676 (44.9%) 11,113 (45.4%) 563 (36.0%)
Male 14354 (55.1%) 13,352 (54.6%) 1002 (64.0%)
DAPT, n (%) <0.001
No 16071 (61.7%) 15,255 (62.4%) 816 (52.1%)
Yes 9959 (38.3%) 9210 (37.6%) 749 (47.9%)
Age (years) 74.0 [69.0,79.0] 73.0 [69.0;79.0] 75.0 [70.0;81.0] <0.001
Smoke, n (%) <0.001
No 11212 (43.1%) 10,708 (43.8%) 504 (32.2%)
Yes 14818 (56.9%) 13,757 (56.2%) 1061 (67.8%)
Drink, n (%) <0.001
No 11212 (43.1%) 10,708 (43.8%) 504 (32.2%)
Yes 14818 (56.9%) 13,757 (56.2%) 1061 (67.8%)
DM, n (%) 0.006
No 22916 (88.0%) 21,573 (88.2%) 1343 (85.8%)
Yes 3114 (12.0%) 2892 (11.8%) 222 (14.2%)
Hypertension, n (%) <0.001
No 15187 (58.3%) 14,479 (59.2%) 708 (45.2%)
Yes 10843 (41.7%) 9986 (40.8%) 857 (54.8%)
Operation, n (%) <0.001
No 24943 (95.8%) 23,519 (96.1%) 1424 (91.0%)
Yes 1087 (4.18%) 946 (3.87%) 141 (9.01%)

(Continued)
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Table | (Continued).

Variables Total N=26030 | No Bleeding N=24465 | Bleeding N=1565 P

Tumor, n (%) 0.004

No 25227 (96.9%) 23,730 (97.0%) 1497 (95.7%)

Yes 803 (3.08%) 735 (3.00%) 68 (4.35%)

Ml, n (%) 0.691

No 24746 (95.1%) 23,262 (95.1%) 1484 (94.8%)

Yes 1284 (4.93%) 1203 (4.92%) 81 (5.18%)

PCl, n (%) 0.666

No 25892 (99.5%) 24,337 (99.5%) 1555 (99.4%)

Yes 138 (0.53%) 128 (0.52%) 10 (0.64%)

Previous bleeding, n (%) 0.000

No 25575 (98.3%) 24,313 (99.4%) 1262 (80.6%)

Yes 455 (1.75%) 152 (0.62%) 303 (19.4%)

WBC (10°/L) 4.87 [3.98;5.93] 4.90 [4.02;5.97] 4.30 [3.50;5.24] <0.001

HGB (g/L) 119 [105;131] 120 [107;131] 95.0 [73.0;114] <0.001

PLT (10°/L) 159 [125;197] 160 [127;198] 134 [97.0;170] <0.001

Gastric protective medicine, n (%) <0.001

No 19966 (76.7%) 18,974 (77.6%) 992 (63.4%)

Yes 6064 (23.3%) 5491 (22.4%) 573 (36.6%)

Gastric ulcer, n (%) <0.001

No 25852 (99.3%) 24,324 (99.4%) 1528 (97.6%)

Yes 178 (0.68%) 141 (0.58%) 37 (2.36%)

Cerebral infarction, n (%) <0.001

No 14560 (55.9%) 14,021 (57.3%) 539 (34.4%)

Yes 11470 (44.1%) 10,444 (42.7%) 1026 (65.6%)

Portal hypertension, n (%) 0.014

No 26021 (100.0%) 24,459 (100.0%) 1562 (99.8%)

Yes 9 (0.03%) 6 (0.02%) 3 (0.19%)

Anticoagulants, n (%) <0.001

No 16777 (64.5%) 15,946 (65.2%) 831 (53.1%)

Yes 9253 (35.5%) 8519 (34.8%) 734 (46.9%)
Abbreviations: DAPT, dual antiplatelet therapy; DM, Diabetes Mellitus; MI, Myocardial infarction; PCIl, Percutaneous Coronary
Intervention; WBC, White blood cell count; HGB, hemoglobin; PLT, platelet count.

Table 2 The Baseline Characteristics of the Training and Test Set

Variables Total N=26030 | Test N=7809 | Train N=18221 p

Sex 0.950

Female 11676 (44.9%) 3500 (44.8%) 8176 (44.9%)

Male 14354 (55.1%) 4309 (55.2%) 10,045 (55.1%)

DAPT, n (%) 0.473

No 16071 (61.7%) 4795 (61.4%) 11,276 (61.9%)

Yes 9959 (38.3%) 3014 (38.6%) 6945 (38.1%)

Age (years) 74.0 [69.0;,79.0] | 74.0 [69.0;79.0] | 73.0 [69.0;,79.0] | 0.282

Smoke, n (%) 0.980

No 11212 (43.1%) 3365 (43.1%) 7847 (43.1%)

Yes 14818 (56.9%) 4444 (56.9%) 10,374 (56.9%)

Drink, n (%) 0.980

No 11212 (43.1%) 3365 (43.1%) 7847 (43.1%)

Yes 14818 (56.9%) 4444 (56.9%) 10,374 (56.9%)
(Continued)
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Table 2 (Continued).

Variables Total N=26030 | Test N=7809 | Train N=18221 p
DM, n (%) 0.137
No 22916 (88.0%) 6911 (88.5%) 16,005 (87.8%)

Yes 3114 (12.0%) 898 (11.5%) 2216 (12.2%)
Hypertension, n (%) 0.856
No 15187 (58.3%) 4549 (58.3%) 10,638 (58.4%)

Yes 10843 (41.7%) 3260 (41.7%) 7583 (41.6%)
Operation, n (%) 0.808
No 24943 (95.8%) 7487 (95.9%) 17,456 (95.8%)

Yes 1087 (4.18%) 322 (4.12%) 765 (4.20%)

Tumor, n (%) 0.080
No 25227 (96.9%) 7591 (97.2%) 17,636 (96.8%)

Yes 803 (3.08%) 218 (2.79%) 585 (3.21%)

M, n (%) 0.372
No 24746 (95.1%) 7409 (94.9%) 17,337 (95.1%)

Yes 1284 (4.93%) 400 (5.12%) 884 (4.85%)

PCl, n (%) 1.000
No 25892 (99.5%) 7768 (99.5%) 18,124 (99.5%)

Yes 138 (0.53%) 41 (0.53%) 97 (0.53%)

Previous bleeding, n (%) 1.000
No 25575 (98.3%) 7672 (98.2%) 17,903 (98.3%)

Yes 455 (1.75%) 137 (1.75%) 318 (1.75%)

WBC (10°/L) 4.87 [3.98;,5.93] | 4.85[3.97;5.93] | 4.87 [3.99;5.93] | 0.514
HGB (g/L) 119 [105;131] 119 [105;131] 119 [105;131] 0.574
PLT (10%/L) 159 [125;197] 158 [124;197] 159 [125;197] | 0.446
Gastric protective medicine, n (%) 0.105
No 19966 (76.7%) 6041 (77.4%) 13,925 (76.4%)

Yes 6064 (23.3%) 1768 (22.6%) 4296 (23.6%)

Gastric ulcer, n (%) 0.333
No 25852 (99.3%) 7762 (99.4%) 18,090 (99.3%)

Yes 178 (0.68%) 47 (0.60%) 131 (0.72%)

Cerebral infarction, n (%) 0.796
No 14560 (55.9%) 4378 (56.1%) 10,182 (55.9%)

Yes 11470 (44.1%) 3431 (43.9%) 8039 (44.1%)

Portal hypertension, n (%) 0.295
No 26021 (100.0%) | 7808 (100.0%) 18,213 (100.0%)

Yes 9 (0.03%) | (0.01%) 8 (0.04%)
Anticoagulants, n (%) 0.180
No 16777 (64.5%) 5081 (65.1%) 11,696 (64.2%)

Yes 9253 (35.5%) 2728 (34.9%) 6525 (35.8%)

Abbreviations: DAPT, dual antiplatelet therapy; DM, Diabetes Mellitus; MI, Myocardial infarction; PCI, Percutaneous
Coronary Intervention; WBC, White blood cell count; HGB, hemoglobin; PLT, platelet count.

6 had significantly higher values, indicating improved efficacy (Table 4). Finally, a nomogram model was constructed
using six variables: HGB, PLT, previous bleeding, gastric ulcer, cerebral infarction, and tumor (Table 5). In the training
cohort, our model achieved a sensitivity of 72.1%, specificity of 80.5%, positive predictive value of 18.7%, and negative
predictive value of 97.9%.

Model Visualization
The nomogram depicted in Figure 5 provides a visual representation of the logistic regression analysis, allowing for the
prediction of bleeding risk in elderly aspirin users. By locating the value of each risk factor on the corresponding vertical
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Figure 3 Feature importance analysis using the Shapley additive explanation (SHAP).

Abbreviations: HGB, hemoglobin; WBC, White blood cell count; PLT, platelet count. GPM, Gastric protective medicine; DM, Diabetes Mellitus; Double anti, dual
antiplatelet therapy; PCI, Percutaneous Coronary Intervention.

line, points can be obtained. The total points are calculated by summing up the points from each risk factor. To determine
the bleeding prediction for a specific elderly aspirin user, a vertical line is drawn from the total points axis, intersecting
with the corresponding probability on the nomogram. For example, if an elderly aspirin user has no previous bleeding,
gastric ulcer, cerebral infarction, or tumor, with platelet counts of 143x 10°/L and an HGB level of 95 g/L, the total score

https:

2262 Risk Management and Healthcare Policy 2024:17

Dove!


https://www.dovepress.com
https://www.dovepress.com

Dove

Chen et al

Table 3 Comparison of Discrimination Between Different Models

Model Include parameters AUC (95% CI)

mod Lasso | Previous.bleeding+HGB+cerebral.infarction 0.836(0.823-0.849
mod 4 Previous.bleeding+HGB+cerebral.infarction+PLT 0.841(0.829-0.854)
mod 6 Previous.bleeding+HGB+cerebral.infarction+PLT +gastric.ulcer+tumor | 0.842(0.829-0.855)

Abbreviations: HGB, hemoglobin; PLT, platelet count.

would be 336. Drawing a vertical line from the total score of 336 intersects the probability axis at approximately 0.049,
indicating an estimated bleeding probability of 4.9% (Figure 5).

Model Validation

Model discrimination was evaluated by calculating the AUC of the ROC curve. In Figure 6A, the training dataset
exhibited an AUC of 0.842 (95% CI: 0.829—-0.855), while in Figure 6B, the test dataset showed an AUC of 0.820 (95%
CI: 0.800-0.840). Calibration curves in Figure 6C and D demonstrated excellent agreement between predicted
bleeding probability and actual observations in both the training and test sets. The Hosmer and Lemeshow goodness
of fit (GOF) test also indicated good consistency. Figure 7 displayed DCA, CIC, and NRC results for the developed
model. DCA confirmed a favorable net benefit in predicting bleeding risk among elderly aspirin users. The threshold
probability ranged from 5.0-67% in the training dataset (Figure 7A) and 5.0-68% in the test dataset (Figure 7B).
Lower risk thresholds corresponded to higher net benefits. However, CIC analysis revealed that decreasing the risk
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Figure 4 Receiver operating characteristic (ROC) curves of different models for distinguishing bleeding from non-bleeding in the training set.
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Table 4 Comparison of NRI and IDI Between Two Models

Model 4 ]
Model 6 | NRI (Categorical) [95% CI] | 0.0102 [0.0032-0.0173] | 0.005
[0,0.5) [0.5,1]
NRI (Continuous) [95% CI] | 0.5333 [0.4782-0.5884] | <0.001
IDI [95% CI] 0.0032 [0.0013-0.0051] | 0.001

Table 5 Final Model Coefficients

Characteristics B SE OR Cl P

(Intercept) 1.392 | 0.15866 | 4.021 | 4.021 (2.944-5.485) | <0.00I
Previous bleeding 3.432 | 0.14043 | 30.951 | 30.95 (23.55—40.86) | <0.001
HGB —0.04 | 0.00151 | 0.961 | 0.960 (0.958-0.963) | <0.001
PLT —0.004 | 0.00064 | 0.996 | 0.996 (0.995-0.997) | <0.001
Gastric ulcer 1.021 | 026713 | 2.775 | 2.775 (1.613-4.610) | <0.001
Tumor —0.48 | 0.17998 | 0.619 | 0.618 (0.429-0.870) | 0.008
Cerebral infarction | 0.753 | 0.07367 | 2.123 | 2.122 (1.838-2.454) | <0.00I

Abbreviations: HGB, hemoglobin; PLT, platelet count.

threshold increased false positive rates and unnecessary interventions (Figure 7C and D). Therefore, considering both
DCA and CIC results is crucial for making optimal decisions, striking a balance between high net benefit and low false

positive rate. NRC plots in Figure 7E and F demonstrated a good fit for the model in both the training and validation
sets.

Model Compare with Single Indicator
We compared the discriminative ability of our constructed model (nomogram) with that of a single indicator. Figure 8
clearly shows that our model outperforms a single indicator in terms of discriminative ability.

Model 6
Points 0 20 70 ®* %0 ® g0 700
Gastric ulcer 1_,
NO YES
Tumor YES'_lNO
PLT 1200 1000 800 600 400 200 © 0
Cerebral infarction '\p—YES
Previous bleeding N2 YES
HGB 240 220 200 180 160 140 120 708 80 60 40 20
Total points 389
260 280 300 320 340 360 380 400 420 440

Bleeding risk 0.0496

eeding ris 0.062 0.008  0.025 01 03 07 09 0.965 0.985

Figure 5 Development of a nomogram based on logistic regression analysis using a combination of six indicators. A total score of 336 corresponds to a bleeding probability
of 0.049 (highlighted in red).
Abbreviations: HGB: Hemoglobin; PLT: Platelet count.
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Figure 6 ROC and Calibration curves of the nomogram. (A) ROC curves in the training set; (B) in the validation set. (C) Calibration curves in the training set; (D) in the
validation set. Calibration curves demonstrate the alignment between predicted bleeding risk (x-axis) and actual diagnosed cases (y-axis). The red line represents the
performance of the training set (C) and validation set (D), while diagonal lines indicate ideal predictions. Closer alignment with the diagonal lines indicates better prediction
performance.

Discussion
In this study, we developed and validated a model for evaluating bleeding risk in elderly aspirin users. The final model
included six indicators: HGB, PLT, previous bleeding, gastric ulcer, cerebral infarction, and tumor. Our model demon-
strated strong discrimination, calibration, and net clinical benefit. The derived nomogram visually represents the logistic
regression analysis results, providing clinicians with a tool to estimate bleeding risk in elderly aspirin users.

Several factors have been identified as influential in bleeding among aspirin users, including HGB,?* PLT,*® previous
bleeding,*® cerebral infarction,?’ gastric ulcer,”® tumor.>” With the aim of incorporating comprehensive information, our
risk models for predicting bleeding considered these factors. Previous studies have highlighted the significance of
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Figure 7 Decision curve analysis (DCA), clinical impact curves (CIC) and the net reduction curves (NRC) of the nomogram. (A) DCA in the training set; (B) DCA in the
validation set; (C) CIC in the training set; (D) CIC in the validation set; (E) NRC in the training set; (F) NRC in the validation set. In DCAs, the y-axis represents net benefit.
The horizontal lines labeled “None” assume no participants experienced bleeding, while “All” assumes all participants had bleeding. The blue line represents our predictive
model developed in this study. In CICs, the red curve indicates the number of individuals classified as positive (high risk) by the model at each threshold probability,
representing the number of high-risk individuals. The blue curve represents the number of true positives (individuals with the outcome) at each threshold probability. In
NRGCs, the y-axis values represent the number of patients that could be reduced under the same effect size by utilizing a specific threshold probability of diagnosis, indicated
by the x-axis value.

decreased HGB levels as a strong predictor of major bleeding,*®'!

and our study reaffirmed this as a critical indicator for
assessing bleeding risk. Additionally, we identified PLT levels as another significant predictor, where lower levels
indicated higher bleeding risk and poorer prognosis.>? Our predictive model aligned with findings from previous studies.
Previous bleeding has long been recognized as a crucial factor in guiding treatment plans for aspirin users,>> and our risk
model revealed that it increases bleeding risk in elderly aspirin users. Artery occlusion cerebral infarction was found to
be associated with an elevated risk of hemorrhage transformation,®® consistent with our results and potentially linked to
increased antithrombotic medication usage. Furthermore, gastric ulcer was independently associated with bleeding risk in
elderly aspirin users in our risk model, aligning with prior research.** In addition to the mentioned factors, tumor has also
been recognized as a potential predictor of bleeding,®® Interestingly, our findings indicated that tumor is a significant
factor that reduces the risk of bleeding, contrary to previous research findings,*® This discrepancy may be attributed to
the impact of retrospective study bias and the absence of bleeding records in hospital EMRs due to premature death of
tumor patients.

Tailored management strategies are crucial for elderly aspirin users with varying bleeding risks. Various bleeding
scoring systems, such as the Glasgow Blatchford Score (GBS),>” TIMI score,'® CRUSADE score,'? and HAS-BLED
score,'” are widely used in clinical practice but exhibit limitations due to their semi-quantitative nature and specific
patient tailoring. In contrast, our model employs a quantitative approach, facilitating a more precise assessment of
bleeding risk. This methodology enhances risk calculation accuracy compared to the subjective existing systems.
Additionally, our model incorporates a comprehensive set of clinical indicators, capturing a broader range of patient-
specific factors, which leads to a more thorough evaluation of bleeding risk. The model’s high AUC of 84% demonstrates
its robust predictive performance, indicating superior accuracy and effective discrimination among patients at varying
bleeding risk levels, thus surpassing the limitations of current scoring systems. Our predictive model, developed using
machine learning techniques like LASSO regression and XGBoost, incorporates key variables such as HGB, PLT,
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Figure 8 Comparison between nomogram and individual indicators.
Abbreviations: PB, Previous bleeding; HGB, hemoglobin; GU, Gastric ulcer; PLT, platelet count.

previous bleeding, and cerebral infarction. The model’s output is visualized through a user-friendly nomogram, enabling
clinicians to estimate individual bleeding risk and make personalized treatment decisions. Evaluation metrics, including
clinical decision curve, clinical impact curve, and net reduction curve analyses, demonstrate a high net clinical benefit,
suggesting potential improvements in patient outcomes and reduced healthcare costs. Considering aspirin’s critical role as
an antiplatelet agent in coronary disease management, the model’s capacity to accurately assess bleeding risk is essential
for optimizing its use. By identifying patients at elevated bleeding risk, the model facilitates a nuanced approach to
aspirin therapy, empowering clinicians to make informed decisions about its initiation, continuation, or alternative
treatments. For high-risk patients, we advocate for a personalized antiplatelet therapy strategy guided by the model’s
recommendations.

However, it is important to consider the limitations of our study. Firstly, in reflecting on the historical nature of our
sampled cohort, it is important to acknowledge the significant advancements in diagnostic and therapeutic techniques that
have emerged since the data was collected. Innovations such as MRI, endoscopy, and various diagnostic immunoassays,
along with improvements in pharmacological treatments, may influence the applicability of our findings to current
clinical practice. This highlights the need for further research to explore how these advancements impact patient
outcomes and treatment protocols. Secondly, our reliance on electronic medical records (EMRs) dating back to 2008
presents certain limitations. The accuracy and completeness of data captured in EMRs may be affected by the quality of
manual transcription from historical medical records. As such, there may be gaps or inconsistencies in the data that could
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impact our study’s conclusions. Additionally, our study focused specifically on elderly aspirin users, and further
investigation is required to generalize our findings to other patient populations.

Conclusion

We developed and validated a model for evaluating bleeding risk in elderly aspirin users. The final model included six
indicators: HGB, PLT, previous bleeding, gastric ulcer, cerebral infarction, and tumor. Our model offers valuable insights
for managing bleeding in elderly aspirin users, aiming to optimize treatment planning and improve patient outcomes.
Future research should focus on external validation across diverse patient cohorts and explore additional variables and
machine learning algorithms to enhance predictive accuracy.
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