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XGBoost-based machine learning test R

improves the accuracy of hemorrhage
prediction among geriatric patients
with long-term administration of rivaroxaban

Cheng Chen'", Chun Yin**', Yanhu Wang'", Jing Zeng', Shuili Wang?, Yurong Bao', Yixuan Xu', Tongbo Liu*’,
Jiao Fan"" and Xian Liu®>"

Abstract

Background Hemorrhage is a potential and serious adverse drug reaction, especially for geriatric patients with long-
term administration of rivaroxaban. It is essential to establish an effective model for predicting bleeding events, which
could improve the safety of rivaroxaban use in clinical practice.

Methods The hemorrhage information of 798 geriatric patients (over the age of 70 years) who needed long-term
administration of rivaroxaban for anticoagulation therapy was constantly tracked and recorded through a well-
established clinical follow-up system. Relying on the 27 collected clinical indicators of these patients, conventional
logistic regression analysis, random forest and XGBoost-based machine learning approaches were applied to analyze
the hemorrhagic risk factors and establish the corresponding prediction models. Furthermore, the performance of the
models was tested and compared by the area under curve (AUC) of the receiver operating characteristic (ROC) curve.

Results A total of 112 patients (14.0%) had bleeding adverse events after treatment with rivaroxaban for more than
3 months. Among them, 96 patients had gastrointestinal and intracranial hemorrhage during treatment, which
accounted for 83.18% of the total hemorrhagic events. The logistic regression, random forest and XGBoost models
were established with AUCs of 0.679, 0.672 and 0.776, respectively. The XGBoost model showed the best predictive
performance in terms of discrimination, accuracy and calibration among all the models.

Conclusion An XGBoost-based model with good discrimination and accuracy was built to predict the hemorrhage
risk of rivaroxaban, which will facilitate individualized treatment for geriatric patients.
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Background

Anticoagulant drugs, including vitamin K antago-
nists (VAKs) and direct oral anticoagulants (DOACsS),
have been extensively applied in clinical practice [1-4].
Compared with VAKs, DOACs, targeting specifically
at factor Xa and/or thrombin, have advantages, such as
predictable pharmacokinetics and pharmacodynamics,
fewer food-drug and/or drug-drug interactions, and
no requirement for routine laboratory monitoring of
coagulation parameters [5—8]. Due to their noninferior-
ity in efficacy and superiority in safety, DOACs are rec-
ommended to overcome the limitations of VAKs in an
increasing number of clinical practices. Data revealed
that the application of DOACs has been steadily increas-
ing over the years [9, 10].

As the first approved factor Xa inhibitor among
DOAG:S, rivaroxaban has been widely used in the treat-
ment of patients with nonvalvular atrial fibrillation
(N'VAF) to reduce the risk of stroke and systemic embo-
lism, in the prevention of venous thromboembolism
(VTE) in adult patients undergoing elective hip or knee
replacement surgery, and in prophylaxis of recurrent
acute deep venous thrombosis (DVT) and pulmonary
embolism (PE) [11-15]. Some studies have shown that
DOACs represented by rivaroxaban exhibited signifi-
cantly lower mortality and intracranial hemorrhage than
VAKs. However, the risk of hemorrhage remains a con-
cern and has a significant impact on the health of patients
with long-term administration [16, 17]. Recently, sev-
eral groups have focused on the hemorrhagic incidence
rates of rivaroxaban [18-22]. For example, the Ichiro
Sakuma group analyzed the dataset of the Expand Study
to explore the bleeding risk among Japanese patients
with NVAF after the use of rivaroxaban [18]. The results
showed a 1.2% incidence rate of major bleeding, of which
the incidence rate of intracranial hemorrhage was 0.5%.
Unlike warfarin, there is a lack of monitoring methods
to assess the hemorrhage risk of rivaroxaban and spe-
cific antidotes during bleeding events. Therefore, it is of
great importance to establish an early-warning model
to precisely predict the hemorrhage risk associated with
rivaroxaban.

Geriatric patients, who usually take rivaroxaban for a
long time and who also have decreased renal and liver
functions, are more vulnerable to hemorrhage and have
a poor prognosis [23]. In this study, we investigated the
risk factors that contributed to the hemorrhagic events
of geriatric patients who were over 70 years old and
took rivaroxaban continuously for more than 3 months.
Conventional logistic regression and eXtreme Gradient
Boosting (XGBoost) were utilized to establish the hemor-
rhage risk prediction model, of which the XGBoost-based
machine learning model showed a better prediction
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accuracy. This study will provide a novel strategy to guide
the individualized administration of rivaroxaban for geri-
atric patients and thus promote protocols for the safe use
of rivaroxaban in clinical practice.

Methods

Study population and follow-up of hemorrhage

A total of 798 geriatric patients treated with rivaroxaban
for anticoagulation therapy at the Chinese PLA General
Hospital from 2011 to 2021 were enrolled for the estab-
lishment of hemorrhage predictive models based on mul-
tivariate logistic regression, random forest and XGBoost.
In addition, 94 geriatric patients treated with rivaroxaban
for anticoagulation therapy at Chinese PLA General Hos-
pital from 2021 to 2023 were enrolled as an external vali-
dation set for random forest and XGBoost-based model.
Data were collected from the our clinical database by
retrieving the outpatient, physical examination and inpa-
tient records of these patients. The inclusion criteria were
as follows: subjects aged > 70 years old and who had con-
tinuous oral administration of rivaroxaban>3 months
with complete clinical data. Patients were excluded if
they had severe trauma or major surgery within the pre-
vious 6 months or switched to other anticoagulant drugs
during the treatment period. Patients whose clinical data
were incomplete or had obvious recording errors were
also excluded. Finally, the cohort was established for fur-
ther risk analysis.

Through a well-established clinical follow-up system
(telephone follow-up, outpatient and inpatient examina-
tions), the hemorrhage information of geriatric patients
was constantly tracked and recorded. Adverse hemor-
rhagic events, including gastrointestinal hemorrhage,
intracranial hemorrhage, ocular hemorrhage, urinary
bleeding, pulmonary hemorrhage, nasal hemorrhage,
gingival hemorrhage, and knee joint cavity hemorrhage,
were detected and recorded by doctors and nurses
through clinical observation, measuring the red blood
cell counts in the patients’ urine and feces, and monitor-
ing serum hemoglobin levels.

Clinical data collection

According to previous studies [18, 23, 24] and the char-
acteristics of our clinical data, this study collected a
total of 27 clinical indicators for risk analysis, includ-
ing basic information of patients (gender, age and BMI),
medication-taking information (rivaroxaban dose and
combination therapy of antiplatelet drugs), underlying
diseases and previous surgical history (hypertension,
diabetes, high triglyceride, high cholesterol, LDL-cho-
lesterol abnormal, lowest hemoglobin, lowest blood
platelet, coronary disease, heart failure, valvulopathy,
percutaneous coronary intervention (PCI), apoplexy,
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hemorrhage history, coagulopathy), coagulation func-
tion index (thrombin time (TT), active partial thrombin
time (APTT), international normalized ratio (INR) and
D-dimer), liver function (aspartate aminotransferase
(AST) and alanine aminotransferase (ALT)), and renal
function (BUN and creatinine). Among them, antiplate-
let drugs, rivaroxaban dose and hemorrhage informa-
tion were collected since the elderly patients had begun
the treatment. The coagulation function index, includ-
ing TT, APTT, INR and D-dimer, was obtained from the
first-time physical examination data of the patients after
continuous administration for more than three months.
Other clinical indicators were collected before the
patients started taking rivaroxaban.

Random forest model and XGBoost model for prediction

of hemorrhage risk

Random forest and XGBoost models were developed
and validated with R software (version 3.6.1). Briefly,
the R package “missForest” (version 1.4) was used to
impute missing values, and ggplot2 graphics (version
3.3.6) was used for data analysis. To establish a hemor-
rhagic risk prediction model for rivaroxaban, 798 geriat-
ric patients were randomly divided into a training cohort
and a testing cohort at a ratio of 85:15. Tenfold cross-val-
idation was performed for hyperparameter tuning of the
machine learning models.

Random forest was done as previously reported [25, 26].
To be specific, N is used to represent the number of origi-
nal training sets, and M is the number of features. For each
tree node, m features are randomly selected, where m
should be much smaller than M. The best splitting method
is calculated based on m features using the Gini coefficient.
Out-of-bag (OOB) error was used to detect the generali-
zation ability of the model. The number of decision trees
constructed in this study was 500, and four variables were
randomly selected on each decision tree node. The impor-
tance of each variable was subsequently measured by calcu-
lating how much reduction each variable offers when it was
added to the RF model using the mean decreased accuracy
and Gini. The final model estimates the importance of each
predictor by checking how much the prediction error has
increased. The R packages “randomforest” (version 4.6.14),
“Boruta” (version 7.0.0), and “caret” (version 6.0-90) were
used to develop and validate the random forest model.

The XGBoost model uses a gradient boosting frame-
work and is also a decision tree-based ensemble method.
In the XGBoost model, we ran 100 repetitions, each
with a different random undersampling, of a tenfold
cross-validation experiment using random param-
eters each time. Then, the optimal set of parameters
is obtained. In this study, we used the smallest multi-
class logloss. After hyperparameter optimization, we
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used the following parameters: eval_metric=rmse,
max_depth=6, eta=0.11, subsample=0.60, colsam-
ple_bytree=0.58, min_child_weight=2, and max_delta_
step=1. The R package “xgboost” (version 1.5.2.1) was
used to develop and validate the XGBoost model. We
additionally performed sensitivity analyses in which
we limited the study group to patients younger than
100 years old and reported the result of sensitivity analy-
ses separately.

Statistical analyses

Statistical software SPSS 15.0 was utilized to perform
Fisher’s exact test, chi-square tests, and univariate and
multivariate logistic regression analysis. Random forest
and XGBoost were conducted using R software, and a p
value < 0.05 was defined as statistically significant.

Ethical considerations

The study was conducted in accordance with the princi-
ples of the Declaration of Helsinki. The research proposal
was approved by the Ethics Committee and the Institu-
tional Review Committee of Chinese PLA General Hos-
pital (Approval Number: $2022-045-01).

Results

Patient characteristics

A total of 1289 geriatric patients were treated with
rivaroxaban for anticoagulation therapy. Moreover, 491
patients were excluded according to the exclusion criteria
(Fig. 1). The baseline characteristics of the patients in the
training and testing set are summarized in Table 1. Over-
all, this study enrolled a total of 798 geriatric patients suf-
fering from diseases such as NVAF, VTE, PE or DVT who
were treated with rivaroxaban for anticoagulation ther-
apy. Among them, 112 patients (14.0%) had adverse hem-
orrhagic events during the treatment. The population
distribution of 27 clinical indicators, including gender,
age, BMI, rivaroxaban dose, antiplatelet drugs, hyperten-
sion, diabetes, high triglyceride, high cholesterol, LDL-
cholesterol abnormal, lowest hemoglobin, lowest blood
platelet, coronary disease, heart failure, valvulopathy,
PCI, apoplexy, hemorrhage history, coagulopathy, TT,
APTT, INR, D-dimer, AST, ALT, BUN and creatinine, is
listed in Table 1.

Hemorrhage types of geriatric patients

The statistical results of the hemorrhage types are listed
in Fig. 2. Among the 112 geriatric patients with hemor-
rhage events, 79 patients (68.14%) had gastrointestinal
hemorrhage events, 17 patients (15.04%) had intracranial
hemorrhage, 6 patients (5.31%) had ocular hemorrhage,
5 patients (4.42%) had urinary hemorrhage events, 3
patients (2.65%) had pulmonary hemorrhage, 2 patients
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Apr 12,2010-Jan 1, 2022
N=1289

patients with long-term administration of rivaroxaban

| N=1205 |

Exclude: subjects aged 2 70 years old
N=84

| N=910 |

Exclude: continuous oral administration of
rivaroxaban < 3 months
N=295

| N=812 |

Exclude: had severe trauma or major surgery
within previous 6 months
N=98

| N=798 |

Fig. 1 The flowchart of patient selection

(1.77%) had nasal hemorrhage events, 2 patients (1.77%)
had gingival hemorrhage events, and only one patient
(0.88%) had knee joint cavity hemorrhage. Gastrointesti-
nal and intracranial hemorrhage were the most common
bleeding types caused by rivaroxaban.

Analysis of hemorrhagic risk factors and construction

of a prediction model by conventional logistic regression
As shown in Table 1, the analysis results of the univari-
ate logistic regression showed that risk factors includ-
ing age (P value=0.002, OR: 4.13, 95% CI: 1.65-10.62),
BMI (P value=0.020, OR: 0.47, 95% CI: 0.25-0.89),
antiplatelet drugs (P value=0.007, OR: 1.76, 95% CI:
1.17-2.66), lowest hemoglobin (P value=0.003, OR: 0.12,
95% CI: 0.03-0.48), coronary disease (P value=0.016,
OR: 1.98, 95% CI: 1.13-3.45), apoplexy (P value=0.004,
OR: 1.81, 95% CI: 1.21-2.71), hemorrhage history (P
value=0.001, OR: 2.33, 95% CI: 1.39-3.89) and coagu-
lopathy (P value=0.015, OR: 2.38, 95% CI: 1.19-4.75)
differed significantly between the hemorrhage and
nonhemorrhage groups. Then, a multivariate logistic
regression analysis was performed by incorporating the
variables with significant differences obtained from the
univariate logistic regression. As a consequence, the low-
est hemoglobin level and hemorrhage history were iden-
tified as important risk factors in the dataset (Table 2).
The hemorrhage risk of patients with the lowest hemo-
globin level >120 g/L was 22% of that in patients with
the lowest hemoglobin level <120 g/L (P value=0.041,
95% CI: 0.05-0.94). Meanwhile, the hemorrhage risk of

Exclude: clinical data was incomplete or had
obvious recording errors
N=14

patients with a history of hemorrhage was 2.04 times
higher than that of patients without a history of hemor-
rhage (P value=0.024, 95% CI: 1.10-3.78). A hemor-
rhage prediction model was developed by multivariate
logistic regression, and the ROC curve indicated that this
model had only moderate discrimination with an AUC of
0.679 (Fig. 3). To improve the accuracy of prognostica-
tion, algorithms based on machine learning were further
explored to construct predictive models.

Analysis of hemorrhagic risk factors and construction

of a prediction model based on XGBoost

A cohort of 94 geriatric patients with treatment of
rivaroxaban were enrolled as an external validation set
(Table 3). Initially, random forest was used to build the
predictive model with an AUC of 0.672 for the test set
and 0.610 for the external validation cohort, and this
model represented poorer discriminatory power than
the model built by multivariate logistic regression.
XGBoost was used to establish the prediction model.
First, feature selection by XGBoost identified 13 distin-
guished variables predisposing patients to hemorrhage:
lowest blood platelet count, BMI, APTT, TT, D-dimer,
lowest hemoglobin, creatinine, INR, ALT, AST, hem-
orrhage history, BUN and apoplexy (Fig. 4). Because
it is difficult to measure BMI for bedridden geriatric
patients, missing values among all the variables mainly
focused on BMI features. The MissForest package was
used for missing value imputation with default parame-
ters. Then, those distinguished risk factors were utilized
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Table 1 Distribution of patients’ characteristics and prognosis analysis for the establishment of predictive models

Risk factor Total Patients, n(%) None Hemorrhage, Hemorrhage, n(%) P Value® PValue® OR (95% Cl)
(n=798) n(%)(n=686) (n=112)

Gender, n(%)

Female 58(7.3) 52(7.6) 6(5.4) Ref

Male 740(92.7) 634(92.4) 106(94.6) 0.555 0403 1.45(0.61-3.46)
Age, n(%)

<80 116(14.5) 111(16.2) 5(4.5) Ref

>80 682(85.5) 575(83.8) 107(95.5) 0.000 0.002 4.13(1.65-10.36)
BMI, n(%)

<185 193(29.4) 161(28.2) 32(37.2) 0.064 Ref

18.5-239 275(41.9) 237(41.6) 38(44.2) 0410 0.81(0.48-1.35)

>239 188(28.6) 172(30.2) 16(18.6) 0.059 0.020 0.47(0.25-0.89)
Rivaroxaban dose, n(%)

<10mg 265(33.2) 233(34.0) 32(28.6) 0.115 Ref

10 mg 477(59.8) 401(58.5) 76(67.9) 0.155 1.38(0.89-2.15)

>10mg 56(7.0) 52(7.6) 4(3.6) 0.107 0.294 0.56(0.19-1.65)
Antiplatelet drugs, n(%)

no 387(48.5) 346(50.4) 41(36.6) Ref

yes 411(51.5) 340(49.6) 71(63.4) 0.008 0.007 1.76(1.17-2.66)
Hypertension, n(%)

no 163(20.4) 141(20.6) 22(19.6) Ref

yes 635(79.6) 545(79.4) 90(80.4) 0.900 0.825 1.06(0.64-1.75)
Diabetes, n(%)

no 452(56.6) 389(56.7) 63(56.2) Ref

yes 346(43.4) 297(433) 49(43.8) 1.000 0928 1.02(0.68-1.52)
High triglyceride, n(%)

no 215(26.9) 188(27.4) 27(24.0) Ref

yes 583(73.1) 498(72.6) 85(75.9) 0.493 0.466 1.19(0.75-1.89)
High cholesterol, n(%)

no 481(60.3) 420(61.2) 61(54.5) Ref

yes 317(39.7) 266(38.8) 51(45.5) 0.178 0.176 1.32(0.88-1.97)
LDL-cholesterol abnormal, n(%)

no 321(40.2) 281(41.0) 40(35.7) Ref

yes 477(59.8) 405(59.0) 72(64.3) 0.301 0.294 1.25(0.82-1.89)
Lowest_hemoglobin

<120 703(88.1) 593(86.4) 110(98.2) Ref

>120 95(11.9) 93(13.6) 2(1.8) 0.000 0.003 0.12(0.03-0.48)
Lowest_blood_platelet

<100 21(2.6) 18(2.6) 3(2.7) Ref

>100 777(97.4) 668(97.4) 109(97.3) 0973 0973 0.98(0.28-3.38)
Coronary disease, n(%)

no 186(23.3) 170(24.8) 16(14.3) Ref

yes 612(76.7) 516(75.2) 96(85.7) 0.016 0.016 1.98(1.13-3.45)
Heart failure, n(%)

no 713(89.3) 617(89.9) 96(85.7) Ref

yes 85(10.7) 69(10.1) 16(14.3) 0.187 0.181 1.49(0.83-2.68)
valvulopathy, n(%)

no 750(94.0) 646(94.2) 104(92.9) Ref

yes 48(6.0) 40(5.8) 8(7.1) 0.526 0.589 1.24(0.57-2.73)
PCl, n(%)

no 734(92.0) 632(92.1) 102(91.1) Ref
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Table 1 (continued)
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Risk factor Total Patients, n(%) None Hemorrhage, Hemorrhage, n(%) P Value® PValue® OR (95% Cl)
(n=798) n(%)(n =686) (n=112)

yes 64(8.0) 54(7.9) 10(8.9) 0.707 0.703 1.15(0.57-2.33)
apoplexy, n(%)

no 464(58.1) 413(60.2) 51(45.5) Ref

yes 334(41.9) 273(39.8) 61(54. 0.004 0.004 1.81(1.21-2.71)
Hemorrhage history, n(%)

no 702(88.0) 614(89.5) 88(78.6) Ref

yes 96(12.0) 72(10.5) 24(21.4) 0.002 0.001 2.33(1.39-3.89)
Coagulopathy, n(%)

no 753(94.4) 653(95.2) 100(89.3) Ref

yes 45(5.6) 33(4.8) 12(10.7) 0.024 0.015 2.38(1.19-4.75)
TT, n(%)

<15 49(6.2) 42(6.1) 7(6.2) 0377 Ref

15-21 711(89.4) 608(89.0) 103(92.0) 0.969 1.02(045-2.32)

>21 35(4.4) 33(4.8) 2(1.8) 0.346 0.226 0.36(0.07-1.87)
APTT, n(%)

<30 22(2.8) 20(2.9) 2(1.8) 0.265 Ref

30-45 662(83.2) 573(83.8) 89(79.5) 0.557 1.55(0.36-6.76)

>45 112(14.7) 91(13.3) 21(18.8) 0.260 0.284 2.31(0.50-10.65)
INR, n(%)

08-1.2 689(86.4) 594(86.7) 95(84.8) Ref

>12 108(13.6) 91(13.3) 17(15.2) 0.554 0.588 1.17(0.67-2.05)
Ddimer, n(%)

<05 202(25.5) 180(26.4) 22(20.0) Ref

>0.5 591(74.5) 503(73.6) 88(80.0) 0.194 0.157 1.43(0.87-2.35)
ALT

<40 732(91.7) 627(91.4) 105(93.8) Ref

>40 66(8.3) 59(8.6) 7(6.2) 0.465 0.404 0.71(0.31-1.59)
AST

<40 751(94.1) 645(94.0) 106(94.6) Ref

>40 47(5.9) 41(6.0) 6(5.4) 1.000 0.796 0.89(0.37-2.15)
BUN

<75 485(60.8) 424(61.8) 61(54.5) Ref

>75 313(39.2) 262(38.2) 51(45.5) 0.145 0.141 1.35(0.91-2.02)
Creatinine

<110 644(80.7) 556(81.0) 88(78.6) Ref

>110 154(19.3) 130(19.0) 24(21.4) 0.521 0.538 1.17(0.72-1.90)

“Ref”is the abbreviation for reference. In individual risk factor, the latter supgroup compares with the “Ref” supgroup yields ORs and their 95% Cls

2 P value was calculated by Fisher’s exact test or Pearson Chi-Square

b pvalue was calculated by Logistic Regression

to develop a prediction model. In the internal valida-
tion of the testing dataset, the ROC curve showed the
resulting model with an AUC of 0.776 (95% CI: 0.687,
0.864) with an accuracy, sensitivity, precision, recall,
and F-1 of 0.771, 0.804, 0.921, 0.904, and 0.859, respec-
tively (Fig. 5). In the independent external validation
cohort, the model displayed decreased discrimination
with an AUC of 0.689 (95% CI: 0.518, 0.860) with an
accuracy, sensitivity, precision, recall, and F-1 of 0.830,

0.905, 0.905, 0.905, and 0.905, respectively (Fig. 5).
With respect to sensitivity analyses, we repeated the
above methodology for study groups limited to patients
younger than 100 years. An analogous model training
process fit models to both internal testing dataset and
external validation dataset to assess the robustness of
the models. The AUC of internal testing dataset was
0.784 (95% CI: 0.677-0.891) and the AUC of external
validation dataset was 0.647 (95% CI: 0.451-0.843).
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2.65%

= Gastrointestinal bleeding

= Intracranial hemorrhage
= Pulmonary hemorrhage = Nasal bleeding

Fig. 2 Percentage of hemorrhage types

Table 2 Multivariate logistic regression

1.77% 1.77% 0.88%

Risk factor PValue® OR (95% Cl)
Age 0.166 2.01(0.75-5.38)
BMI 0.739 0.87(0.63-1.20)
Antiplatelet drugs 0.086 1.55(0.94-2.57)
Lowest_hemoglobin 0.041 0.22(0.05-0.94)
Coronary disease 0.217 1.53(0.78-299)
apoplexy 0.504 1.18(0.73-1.92)
Hemorrhage history 0.024 2.04(1.10-3.78)
Coagulopathy 0.107 1.94(0.87-4.34)

P value was calculated by Logistic Regression

Discussion

Progressive increases in the incidence rates of NVAF, VTE,
PE and DVT are observed with advanced age [27-30]. As
previously reported, approximately one-third of all patients
with AF are aged 80 or older, and the proportion of this age
group will continue to rise. Moreover, the incidence of a
first episode of DVT or PE in patients aged over 80 years
old is estimated to be 6 times higher than that in patients
less than 50 years of age. Due to the better benefit-risk
profile in comparison with VAKs, rivaroxaban is recom-
mended in the daily clinical treatment of geriatric patients
for anticoagulation therapy [11-15]. However, hemorrhagic
events, as one of the major side effects caused by rivaroxa-
ban, pose a great threat to patient health. Geriatric patients
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= Ocular hemorrhage * Urinary bleeding
= Gingival bleeding = Knee joint cavity hemorrhage
ROC Curve
1.0 7
7’
7’
7’
L4
7’
7’
08+ 5
7’
s
7’
’
s’
7’
’
206 o
2 o
k= ’
M) ’
c ’
(1] ’ £
v 04 =
’
7,
7’
7’
’
’
0.2 o2
’
7’
7’
'
s
s’
Ed
00 T T T T
00 02 04 06 08 10

1 - Specificity

Diagonal segments are produced by ties.

Fig. 3 ROC curve of hemorrhage prediction model constructed by
multivariate logistic regression with an AUC of 0.679

showed different pathophysiologic characteristics from
young patients, such as changes in the body composition
of mass and muscle, impairment of liver and renal function
and the presence of underlying diseases or comorbidities
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Table 3 Distribution of patients’ characteristics and prognosis

(2023) 23:418

analysis for external validation set

Risk factor Total None Hemorrhage, P Value
Patients, Hemorrhage, n(%)(n=10)
n(%)(n=94) n(%)(n=84)

Gender, n(%)

Female 8(8.5) 8(9.5) 0(0.0)
Male 86(91.5) 76(90.5) 10(100.0) 0.593

Age, n(%)

<80 15(16.0) 14(16.7) 1(10.0)

>80 79(84.0) 70(83.3) 9(90.0) 0.501
BMI, n(%)

<185 22(25.3) 20(25.3) 2(25.0)

18.5-23.9 33(37.9) 29(36.7) (50.0)

>239 32(36.8) 30(38.0) 2(25.0) 0.715
Rivaroxaban dose, n(%)

<10mg 56(59.6) 48(57.1) 8(80.0)

10 mg 36(38.3) 34(40.5) 2(20.0)

>10mg  2(2.1) 2(2.4) 0(0) 0.368
Antiplatelet drugs, n(%)

no 66(70.2) 59(70.2) 7(70.0)

yes 28(29.8) 25(29.8) 3(30.0) 1.000
Hypertension, n(%)

no 23(25.0) 23(28.0) 0(0.0)

yes 69(75.0) 59(72.0) 10(100.0) 0.061
Diabetes, n(%)

no 59(64.1) 53(64.6) 6(60.0)

yes 33(35.9) 29(35.4) 4(40.0) 0.742
High triglyceride, n(%)

no 40(42.6) 36(42.9) 4(40.0)

yes 54(57.4) 48(57.1) 6(60.0) 1.000
High cholesterol, n(%)

no 63(67.0) 54(64.3) 9(90.0)

yes 31(33.0) 30(35.7) 1(10.0) 0.157
LDL-cholesterol abnormal, n(%)

no 50(53.2) 45(53.6) 5(50.0)

yes 44(46.8) 39(46.4) 5(50.0) 1.000
Lowest_hemoglobin

<120 72(76.6) 62(73.8) 10(100.0)

>120 22(234) 22(26.2) 0(0.0) 0.110
Lowest_blood_platelet

<100 3(3.2) 3(3.6) 0(0.0)

>100 91(96.8) 81(96.4) 10(100.0) 0.771
Coronary disease, n(%)

no 28(304) 25(30.5) 3(30.0)

yes 64(69.6) 57(69. 7(70.0) 1.000
Heart failure, n(%)

no 72(78.3) 67(81.7) 5(50.0)

yes 20(21.7) 15(18.3) 5(50.0) 0.036
valvulopathy, n(%)

no 86(93.5) 76(92.7) 10(100.0)

yes 6(6.5) 6(7.3) 0(0.0) 1.000
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Table 3 (continued)

Risk factor Total None Hemorrhage, PValue
Patients, Hemorrhage, n(%)(n=10)
n(%)(n=94) n(%)(n=84)

PCl, n(%)

no 82(89.1) 72(87.8) 10(100.0)

yes 10(10.9) 10(12.2) 0(0.0) 0.594
apoplexy, n(%)

no 59(64.1) 54(65.9) 5(50.0)

yes 33(35.9) 28(34.1) 5(50.0) 0.486
Hemorrhage history, n(%)

no 82(87.2) 76(90.5) 6(60.0)

yes 12(12.8) 8(9.5) 4(40.0) 0.022
Coagulopathy, n(%)

no 92(97.9) 84(100.0) 8(80.0)

yes 2(2.1) 0(0.0) 2(20.0) 0.010
TT, n(%)

<15 7(8.2) 7(9.2) 0(0.0)

15-21 75(88.2) 66(86.8) 9(100.0)

>21 3(3.5) 3(3.9) 0(0.0) 0511
APTT, n(%)

<30 2(2.4) 2(2.6) 0(0.0)

30-45 73(85.9) 66(86.8) 7(77.8)

>45 10(11.8) 8(10.5) 2(22.2) 0.535
INR, n(%)

08-1.2 74(87.1) 66(86.8) 8(88.9)

>1.2 11(12.9) 10(13.2) 1011.1) 1.000
Ddimer, n(%)

<05 15(17.6) 15(19.7) 0(0.0)

>0.5 70(82.4) 61(82.3) 9(100.0) 0.350
ALT

<40 80(95.2) 72(96.0) 8(88.9)

>40 4(4.8) 3(4.0) 1(11.1) 0.370
AST

<40 79(92.9) 70(92.1) 9(100.0)

>40 6(7.1) 76(7.9) 0(0.0) 1.000
BUN

<75 48(56.5) 45(59.2) 3(33.3)

>7.5 37(43.5) 31(40.8) 6(66.7) 0.169
Creatinine

<110 70(82.4) 64(84.2) 6(66.7)

>110 15(17.6) 12(15.8) 3(33.3) 0.192

P value was calculated by Fisher’s exact test or Pearson Chi-Square

[27, 31]. These characteristics make geriatric patients more
vulnerable to hemorrhage by affecting drug absorption, dis-
tribution, metabolism and elimination. Thus, evaluation of
the potential hemorrhagic risk factors and establishment of
a related predictive model are significant to guarantee the
clinical safety use of rivaroxaban in geriatric patients.
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Fig. 4 Visualize the feature importance in XGBoost model

In our study, we built a cohort of 798 geriatric patients
with continuous treatment of rivaroxaban for more than
3 months to establish the hemorrhagic predictive model.
A total of 112 geriatric patients (14.0%) had hemor-
rhagic events during treatment, which is higher than the
8.4% hemorrhagic rate observed in the elderly cohort (a
median age of 71.66 years) reported by Hou et al. [23].
This may be attributed to the different age composition
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between the two cohorts, considering a median age of
92 years in our cohort, which is 20 years older than that
in Hou’s cohort. According to the hemorrhagic location,
all hemorrhagic events could be classified into 8 types
(gastrointestinal hemorrhage, intracranial hemorrhage,
ocular hemorrhage, urinary bleeding, pulmonary hemor-
rhage, nasal hemorrhage, gingival hemorrhage and knee
joint cavity hemorrhage). Among them, gastrointestinal
and intracranial hemorrhage were the most common
hemorrhage types, accounting for 68.14% and 15.04%,
respectively. All these results indicated that hemorrhage
tendency rates could increase with age and daily clinical
observation, and routine monitoring of serum hemo-
globin levels and red blood cell count in the urine and
feces is crucial for the safety of geriatric patients.
Candidate variables for the model were chosen from
variables collected at the baseline study visit based
on existing evidence and clinical relevance. Consider-
ing the influencing factors of hemorrhage reported in
previous studies and some indicators closely related
to bleeding according to clinical experience, 27 clini-
cal indicators were selected in our study. Most clinical
indicators, except for rivaroxaban dose and hemorrhage
information, were registered before patients took rivar-
oxaban for the first time. Considering the possible effects

1.00

0.75
=
=
% 0.50
c
[}
»n

0.25

AUC of test dataset =0.776
=== AUC of validation dataset =0.689
0.00 1
0.00 0.25 0.50 0.75 1.00
1 - specificity

Fig.5 ROC for evaluating the XGBoost model’s discrimination performance in both the testing and external validation datasets. AUC in testing

datasets was 0.776 and AUC in the external validation datasets was 0.689
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of rivaroxaban dose on hemorrhage, related information
from doctors’ advice in the outpatient medical record
was also incorporated into predictive indicators. Hemor-
rhagic events occurring after the use of rivaroxaban were
truthfully reported with a well-established clinical follow-
up system. The frequency of telephone follow-up was
once every 3 months. However, it should be noted that
some potential indicators, such as the level and activity
of factor Xa, might be missed. The adverse effect of factor
Xa inhibitors is naturally relevant to the level and activity
of factor Xa, which is rarely tested for in cardiovascular
patients in most hospitals.

The univariate logistic regression revealed that age,
BMI and antiplatelet drugs were significantly correlated
with bleeding risk, which is consistent with previous
studies of rivaroxaban and other DOACs [32-34]. Due
to multiple types of clinical indicators collected in our
study, lowest hemoglobin, coronary disease, apoplexy,
hemorrhage history and coagulopathy were also identi-
fied as risk factors with statistical significance. The lowest
hemoglobin level and hemorrhage history, which were
not evaluated in previous studies, were further indicated
as independent risk factors for bleeding by multivariate
logistic regression. The hemorrhage prediction model
constructed by multivariate logistic regression after
incorporating the lowest hemoglobin level and hemor-
rhage history as influencing factors showed a less satis-
factory AUC of 0.679.

To further optimize the prediction model, random for-
est was applied to build a model with an AUC of 0.672
in the internal validation of the testing dataset and 0.610
in the external validation cohort, showing a poorer dis-
crimination than multivariate logistic regression. As an
emerging machine learning algorithm based on gradient
boosting, XGBoost was proposed by Tianqi Chen in 2016
and showed excellent ability to customize the loss func-
tion, normalize the regular term, and process sparse fea-
tures and missing data [35, 36]. These abilities allow the
model to use variables with flexibility in different areas of
the output space, thus realizing automatic feature selec-
tion and the fitting of high-order interactions [37, 38].
To the best of our knowledge, the XGBoost machine
learning approach has never been used before to build a
bleeding risk prediction model of rivaroxaban in geriatric
patients. Successfully, the hemorrhage prediction model
constructed by XGBoost showed the best discrimina-
tion with an AUC of 0.776 (95% CI: 0.687, 0.864) in the
internal validation of the testing dataset and 0.689 (95%
CI: 0.518, 0.860) in the independent external validation
cohort. Out of the 27 clinical indicators, XGBoost iden-
tified 13 distinguished variables predisposing to hemor-
rhage in patients, including lowest blood platelet count,
BMI, APTT, TT, D-dimer, lowest hemoglobin, creatinine,
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INR, ALT, AST, hemorrhage history, BUN and apoplexy.
Coagulation function indicators, including APTT, TT
and INR, were also evaluated as risk factors by Student’s t
test in a previous study reported by Liang et al. [24]. The
results of XGBoost model suggest that periodic moni-
toring of the coagulation indicators (platelet, APTT, TT,
D-dimer and INR) and BMI is important to reduce the
occurrence of hemorrhagic events for geriatric patients
with continuous treatment of rivaroxaban. When geri-
atric patient’s coagulation function is abnormal or their
BMI is too small, doctors should pay more attention to
the potentially higher incidence of bleeding events.

The XGBoost model showed a better capacity than the
random forest model for predicting hemorrhage in geriat-
ric patients treated with rivaroxaban. Random forest and
XGBoost are decision tree algorithms where the training
data are taken in a different manner. XGBoost is a gra-
dient boosting-based decision tree ensemble designed to
be highly efficient and scalable. Since the gradient of the
data is considered for each tree, the calculation is faster
and the precision is more accurate than those of random
forest [39]. On the other hand, compared with random
forest, XGBoost shows resistance to overfitting in data-
sets with imbalanced feature/outcome ratios and hyper-
parameters, which allows tuning for imbalanced datasets
[40]. Therefore, the model built by XGBoost should be
employed to predict hemorrhage risk in geriatric patients
with long-term rivaroxaban treatment. We believe this
XGBoost model will promote personalized medication
of patients treated with rivaroxaban and contribute to its
safe administration.

Limitations

There are some limitations in our study. First, it is a sin-
gle-center study. A total of 798 patients in the training
and testing cohorts were from the same hospital. Moreo-
ver, considering the inclusion of multiple kinds of clini-
cal indicators, the sample size was relatively small. These
limitations may limit the interpretation of the results
and lead to a wide confidence interval for the XGBoost-
based bleeding prediction model. Second, clinical infor-
mation, especially hemorrhagic history, was reported by
the patients and susceptible to recall bias. In addition,
geriatric patients over 90 years old are mostly bedridden,
which resulted in missing BMI values. Third, although
multivariate logistic regression analysis could adjust the
influence of confounding factors to some extent, more
thorough investigation of confounding factors should
be conducted to further strengthen the conclusions and
provide a better understanding of the underlying rela-
tionships. Above all, more solid conclusions need to be
confirmed in future studies.
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Conclusions

In conclusion, 112 geriatric patients (14.0%) with long-
term rivaroxaban treatment had adverse bleeding
events. As the main hemorrhage types, gastrointestinal
and intracranial hemorrhage accounted for 83.18% of
the bleeding events in total. Three hemorrhage predic-
tion models were constructed by applying multivariate
logistic regression, random forest and XGBoost. Among
them, the XGBoost model performed best with good
discrimination and accuracy and identified the low-
est blood platelet count, BMI, APTT, TT, and D-dimer
and the lowest hemoglobin, creatinine, INR, ALT, AST,
hemorrhage history, BUN and apoplexy as the most con-
tributing features. The XGBoost predictive model will
contribute to the safe clinical use of rivaroxaban for geri-
atric patients.

Abbreviations

AUC Area under curve
ROC Receiver operating characteristic
VAKs Vitamin K antagonists

DOACs Direct oral anticoagulants
NVAF Nonvalvular atrial fibrillation
VTE Venous thromboembolism
DVT Deep venous thrombosis

PE Pulmonary embolism
XGBoost  EXtreme Gradient Boosting
pCl Percutaneous coronary intervention
T Thrombin time

APTT Active partial thrombin time
INR International normalized ratio
AST Aspartate aminotransferase
ALT Alanine aminotransferase

Acknowledgements
Not applicable.

Authors’ contributions

CC, CY, YW contributed equally to this article. CC and JF provided financial
support and conducted data analysis. XL, CY, JF and CC conceived and
designed the experiments, co-wrote the article, and edited the manuscript. TL,
YW, YB, JZ, SW and YX collected and screened the data. All authors approved
the submitted version.

Availability of data and materials
The datasets used and/or analyzed during the current study are available from
the corresponding author on reasonable request.

Declarations

Ethics approval and consent to participate

This study was approved by the Ethics Committee of Chinese PLA General
Hospital (Approval Number: $2022-045-01). As a retrospective study, the
waiver of informed consent to participates was granted by review board of
the Second Medical Center of Chinese PLA General Hospital.

Consent for publication
Not applicable.

Competing interests
The authors declare no competing interests.

Page 11 of 12

Author details

The Second Medical Center &, National Clinical Research Center for Geriatric
Diseases, Chinese PLA General Hospital, Beijing 100853, People’s Republic

of China. 2Department of Cardiovascular Medicine, the 902Nd Hospital of PLA
Joint Service Support Force, Bengbu 233015, China. *Department of Cardio-
vascular Medicine, the Second Affiliated Hospital of Army Medical University,
Chongging 400000, China. “Department of Information, Medical Supplies
Center, PLA General Hospital, Beijing 100853, China. °Department of Phar-
maceutical Sciences, Beijing Institute of Radiation Medicine, Beijing 100850,
People’s Republic of China.

Received: 24 October 2022 Accepted: 17 May 2023
Published online: 10 July 2023

References

1. Ouellet GM, Fried TR, Gilstrap LG, O'Leary JR, Austin AM, Skinner JS, Cohen
AB. Anticoagulant use for atrial fibrillation among persons with advanced
dementia at the end of Life. JAMA Intern Med. 2021;181:1121-3. https://
doi.org/10.1001/jamainternmed.2021.1819.

2. Kato ET, Goto S, Giugliano RP. Overview of oral antithrombotic treatment
in elderly patients with atrial fibrillation. Ageing Res Rev. 2019;49:115-24.
https://doi.org/10.1016/j.arr.2018.10.006.

3. Kotalczyk A, Mazurek M, Kalarus Z, Potpara TS, Lip GYH. Stroke preven-
tion strategies in high-risk patients with atrial fibrillation. Nat Rev Cardiol.
2021;18:276-90. https://doi.org/10.1038/541569-020-00459-3.

4. Chakravarty T, Patel A, Kapadia S, Raschpichler M, Smalling RW, Szeto WY,
Abramowitz Y, Cheng W, Douglas PS, Hahn RT, Herrmann HC, Kereiakes D,
Svensson L, Yoon SH, Babaliaros VC, Kodali S, Thourani VH, Alu MC, Liu Y,
McAndrew T, Mack M, Leon MB, Makkar RR. Anticoagulation after surgical
or transcatheter bioprosthetic aortic valve replacement. J Am Coll Cardiol.
2019;74:1190-200. https://doi.org/10.1016/jjacc.2019.06.058.

5. Kvasnicka T, Malikova |, Zenahlikova Z, Kettnerova K, Brzezkova R, Zima T,
Ulrych J, Briza J, Netuka |, Kvasnicka J. Rivaroxaban- metabolism, pharma-
cologic properties and drug interactions. Curr Drug Metab. 2017;18:636—
42. https://doi.org/10.2174/1389200218666170518165443.

6. HuaY,SunJY,SuY,QuQ, Wang HY, Sun W, Kong XQ. The safety and effi-
cacy of rivaroxaban compared with warfarin in patients with atrial fibril-
lation and diabetes: a systematic review and meta-analysis. Am J Cardio-
vasc Drugs. 2021;21:51-61. https://doi.org/10.1007/540256-020-00407-z.

7. Jiang H, Jiang Y, Ma H, Zeng H, Lv J. Effects of rivaroxaban and warfarin
on the risk of gastrointestinal bleeding and intracranial hemorrhage in
patients with atrial fibrillation: Systematic review and meta-analysis. Clin
Cardiol. 2021;44:1208-15. https://doi.org/10.1002/clc.23690.

8. BaiY, Deng H, Shantsila A, Lip GY. Rivaroxaban versus dabigatran or
warfarin in real-world studies of stroke prevention in atrial fibrillation:
systematic review and meta-analysis. Stroke. 2017;48:970-6. https://doi.
org/10.1161/STROKEAHA.116.016275.

9. DengY,Tong Y, DengY, Zou L, Li S, Chen H. Non-vitamin K antagonist
oral anticoagulants versus warfarin in patients with cancer and atrial
fibrillation: a systematic review and meta-analysis. J Am Heart Assoc.
2019;8:€012540.

10. Dawwas GK, Dietrich E, Cuker A, Barnes GD, Leonard CE, Lewis JD.
Effectiveness and safety of direct oral anticoagulants versus warfarin in
patients with valvular atrial fibrillation: a population-based cohort study.
Ann Intern Med. 2021;174:910-9. https://doi.org/10.7326/M20-6194.

11. Camm AJ. The Rivaroxaban Program and the Management of Unmet
Needs in Thromboembolic Disease. Thromb Haemost. 2018;118:52-11.
https://doi.org/10.1055/5-0038-1632387.

12. Ajmal M, Friedman J, Sipra QUAR, Lassar T. Rivaroxaban: expanded role in
cardiovascular disease management-a literature review. Cardiovasc Ther.
2021;2021:8886210. https://doi.org/10.1155/2021/8886210.

13. Key NS, Khorana AA, Kuderer NM, Bohlke K, Lee AYY, Arcelus JI, Wong SL,
Balaban EP, Flowers CR, Francis CW, Gates LE, Kakkar AK, Levine MN, Lieb-
man HA, Tempero MA, Lyman GH, Falanga A. Venous thromboembolism
prophylaxis and treatment in patients with cancer: ASCO clinical practice
guideline update. J Clin Oncol. 2020;38:496-520. https://doi.org/10.1200/
JCO.19.01461.

14. Fralick M, Colacci M, Schneeweiss S, Huybrechts KF, Lin KJ, Gagne JJ. Effec-
tiveness and safety of apixaban compared with rivaroxaban for patients


https://doi.org/10.1001/jamainternmed.2021.1819
https://doi.org/10.1001/jamainternmed.2021.1819
https://doi.org/10.1016/j.arr.2018.10.006
https://doi.org/10.1038/s41569-020-00459-3
https://doi.org/10.1016/j.jacc.2019.06.058
https://doi.org/10.2174/1389200218666170518165443
https://doi.org/10.1007/s40256-020-00407-z
https://doi.org/10.1002/clc.23690
https://doi.org/10.1161/STROKEAHA.116.016275
https://doi.org/10.1161/STROKEAHA.116.016275
https://doi.org/10.7326/M20-6194
https://doi.org/10.1055/s-0038-1632387
https://doi.org/10.1155/2021/8886210
https://doi.org/10.1200/JCO.19.01461
https://doi.org/10.1200/JCO.19.01461

Chen et al. BMC Geriatrics

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

(2023) 23:418

with atrial fibrillation in routine practice: a cohort study. Ann Intern Med.
2020;172:463-73. https://doi.org/10.7326/M19-2522.

Scott LJ. Rivaroxaban: a review for secondary CV Prevention in

CAD and PAD. Drugs. 2020;80:1465-75. https://doi.org/10.1007/
s40265-020-01397-7.

Khan F, Tritschler T, Kimpton M, Wells PS, Kearon C, Weitz JI, Biller HR,
Raskob GE, Ageno W, Couturaud F, Prandoni P, Palareti G, Legnani C, Kyrle
PA, Eichinger S, Eischer L, Becattini C, Agnelli G, Vedovati MC, Geersing GJ,
Takada T, Cosmi B, Aujesky D, Marconi L, Palla A, Siragusa S, Bradbury CA,
Parpia S, Mallick R, Lensing AWA, Gebel M, Grosso MA, Thavorn K, Hutton
B, Le Gal G, Fergusson DA, Rodger MA; MAJESTIC Collaborators. Long-
term risk for major bleeding during extended oral anticoagulant therapy
for first unprovoked venous thromboembolism: a systematic review and
meta-analysis. Ann Intern Med. 2021; 174: 1420-1429. doi: https://doi.
0rg/10.7326/M21-1094.

Kushnir M, ChoiY, Eisenberg R, Rao D, Tolu S, Gao J, Mowrey W, Billett

HH. Efficacy and safety of direct oral factor Xa inhibitors compared with
warfarin in patients with morbid obesity: a single-centre, retrospective
analysis of chart data. Lancet Haematol. 2019;6:e359-65. https://doi.org/
10.1016/52352-3026(19)30086-9.

Sakuma I, Uchiyama S, Atarashi H, Inoue H, Kitazono T, Yamashita

T, Shimizu W, Ikeda T, Kamouchi M, Kaikita K, Fukuda K, Origasa H,
Shimokawa H. Clinical risk factors of stroke and major bleeding in
patients with non-valvular atrial fibrillation under rivaroxaban: the
EXPAND Study sub-analysis. Heart Vessels. 2019;34:1839-51. https://doi.
0rg/10.1007/500380-019-01425-x.

Kirchhof P, Haas S, Amarenco P, Hess S, Lambelet M, van Eickels M, Turpie
AGG, Camm AJ. XANTUS Investigators.impact of modifiable bleeding risk
factors on major bleeding in patients with atrial fibrillation anticoagu-
lated with rivaroxaban. J Am Heart Assoc. 2020;9:e009530.

Tamayo SG, Simeone JC, Nordstrom BL, Patel MR, Yuan Z, Sicignano NM,
Peacock WF. Risk factors for major bleeding in rivaroxaban users with
atrial fibrillation. J Am Coll Cardiol. 2016;68:1144-6. https://doi.org/10.
1016/jjacc.2016.06.028.

Nishino M, Okamoto N, Tanaka A, Mori N, Hara M, Yano M, Makino

N, EgamiY, Shutta R, Tanouchi J. Different risk factors for bleeding

and discontinuation between dabigatran and rivaroxaban. J Cardiol.
2016;68:156-60. https://doi.org/10.1016/}jjcc.2015.08.019.

Watts PJ, Kopstein M, Harkness W, Cornett B, Dziadkowiec O, Hicks ME,
Hassan S, Scherbak D. A retrospective analysis of bleeding risk with
rivaroxaban, enoxaparin, and aspirin following total joint arthroplasty or
revision. Pharmacotherapy. 2021;41:608-15. https://doi.org/10.1002/phar.
2599.

Hou H, Li A, Zhang L, Qin X, Jiang Y, Zhao H. Analysis of effectiveness,
safety, and bleeding related to rivaroxaban in elderly patients. Clin Appl
Thromb Hemost. 2020,26:1076029620925923. https://doi.org/10.1177/
1076029620925923.

Liang T, Huang S, Wu J, Gong H, Shen J, Song Z. Analyzing and predicting
the risk of hemorrhage induced by rivaroxaban. Chin J Hosp Pharm.
2021;41:277-81. https://doi.org/10.13286/).1001-5213.2021.03.09.

Wu J, Qiu J, Xie E, Jiang W, Zhao R, Qiu J, Zafar M, Huang Y, Yu C. Predicting
in-hospital rupture of type A aortic dissection using Random Forest. J
Thorac Dis. 2019;11(11):4634-46. https://doi.org/10.21037/jtd.2019.10.82.
Xing F, Luo R, Liu M, Zhou Z, Xiang Z, Duan X. A new random forest
algorithm-based prediction model of post-operative mortality in geriatric
patients with hip fractures. Front Med (Lausanne). 2022;9:82997.

Kundu A, Sardar P, Chatterjee S, Aronow WS, Owan T, Ryan JJ. Minimizing
the risk of bleeding with NOACs in the elderly. Drugs Aging. 2016;3:491—
500. https://doi.org/10.1007/540266-016-0376-z.

Naess IA, Christiansen SC, Romundstad P, Cannegieter SC, Rosendaal

FR, Hammerstrgm J. Incidence and mortality of venous thrombosis: a
population-based study. J Thromb Haemost. 2007;5:692-9. https://doi.
0rg/10.1111/j.1538-7836.2007.02450.X.

Chugh SS, Havmoeller R, Narayanan K, Singh D, Rienstra M, Benjamin EJ,
Gillum RF, Kim YH, McAnulty JH Jr, Zheng ZJ, Forouzanfar MH, Naghavi M,
Mensah GA, Ezzati M, Murray CJ. Worldwide epidemiology of atrial fibrilla-
tion: a Global Burden of Disease 2010 Study. Circulation. 2014;129:837-47.
https://doi.org/10.1161/CIRCULATIONAHA.113.005119.

Go AS, Hylek EM, Phillips KA, Chang Y, Henault LE, Selby JV, Singer DE.
Prevalence of diagnosed atrial fibrillation in adults: national implications
for rhythm management and stroke prevention: the AnTicoagulation and

31

32.

33.

34.

35.

36.

37.

38.

39.

40.

Page 12 of 12

Risk Factors in Atrial Fibrillation (ATRIA) Study. JAMA. 2001;285:2370-5.
https://doi.org/10.1001/jama.285.18.2370.

Sardar P, Chatterjee S, Chaudhari S, Lip GY. New oral anticoagulants in
elderly adults: evidence from a meta-analysis of randomized trials. J Am
Geriatr Soc. 2014;62:857-64. https://doi.org/10.1111/jgs.12799.

Frost C, Nepal S, Wang J, Schuster A, Byon W, Boyd RA, Yu Z, Shenker A,
Barrett YC, Mosqueda-Garcia R, Lacreta F. Safety, pharmacokinetics and
pharmacodynamics of multiple oral doses of apixaban, a factor Xa inhibi-
tor, in healthy subjects. Br J Clin Pharmacol. 2013;76:776-86. https://doi.
0rg/10.1111/bcp.12106.

Mueck W, Stampfuss J, Kubitza D, Becka M. Clinical pharmacokinetic

and pharmaco-dynamic profile of rivaroxaban. Clin Pharmacokinet.
2014;53:1-16. https://doi.org/10.1007/540262-013-0100-7.

Lippi G, Favaloro EJ. Recent guidelines and recommendations for
laboratory assessment of the direct oral anticoagulants (DOACs): is there
consensus? Clin Chem Lab Med. 2015;53:185-97. https://doi.org/10.
1515/cclm-2014-0767.

Chen T, Guestrin C. XGBoost: A scalable tree boosting system. In: Proceed-
ings of the 22nd ACM SIGKDD International Conference on Knowledge
Discovery and Data Mining. San Francisco, CA; New York, NY: Association
for Computing Machinery (2016). p. 785-794.

Yuan KC, Tsai LW, Lee KH, Cheng YW, Hsu SC, Lo YS, et al. The develop-
ment an artificial intelligence algorithm for early sepsis diagnosis in the
intensive care unit. Int J Med Inform. 2020;141:104176.

Friedman JH. Greedy function approximation: a gradient boosting
machine. Ann Stat. 2001,29:1189-232. https://doi.org/10.1214/a0s/10132
03451.

Hou N, Li M, He L, Xie B, Wang L, Zhang R, Yu Y, Sun X, Pan Z, Wang K. Pre-
dicting 30-days mortality for MIMIC-III patients with sepsis-3: a machine
learning approach using XGBoost. J Transl Med. 2020;18:462. https://doi.
0rg/10.1186/512967-020-02620-5.

Yue S, Li S, Huang X, Liu J, Hou X, Zhao Y, Niu D, Wang Y, Tan W, Wu J.
Machine learning for the prediction of acute kidney injury in patients
with sepsis. J Transl Med. 2022;20(1):215. https://doi.org/10.1186/
$12967-022-03364-0.

Hong W, Zhou X, Jin S, LuY, Pan J, Lin Q, Yang S, Xu T, Basharat Z, Zippi M,
Fiorino S, Tsukanov V, Stock S, Grottesi A, Chen Q, Pan J. A comparison of
XGBoost, random forest, and nomograph for the prediction of disease
severity in patients with COVID-19 pneumonia: implications of cytokine
and immune cell profile. Front Cell Infect Microbiol. 2022;12:819267.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

K BMC

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions



https://doi.org/10.7326/M19-2522
https://doi.org/10.1007/s40265-020-01397-7
https://doi.org/10.1007/s40265-020-01397-7
https://doi.org/10.7326/M21-1094
https://doi.org/10.7326/M21-1094
https://doi.org/10.1016/S2352-3026(19)30086-9
https://doi.org/10.1016/S2352-3026(19)30086-9
https://doi.org/10.1007/s00380-019-01425-x
https://doi.org/10.1007/s00380-019-01425-x
https://doi.org/10.1016/j.jacc.2016.06.028
https://doi.org/10.1016/j.jacc.2016.06.028
https://doi.org/10.1016/j.jjcc.2015.08.019
https://doi.org/10.1002/phar.2599
https://doi.org/10.1002/phar.2599
https://doi.org/10.1177/1076029620925923
https://doi.org/10.1177/1076029620925923
https://doi.org/10.13286/j.1001-5213.2021.03.09
https://doi.org/10.21037/jtd.2019.10.82
https://doi.org/10.1007/s40266-016-0376-z
https://doi.org/10.1111/j.1538-7836.2007.02450.x
https://doi.org/10.1111/j.1538-7836.2007.02450.x
https://doi.org/10.1161/CIRCULATIONAHA.113.005119
https://doi.org/10.1001/jama.285.18.2370
https://doi.org/10.1111/jgs.12799
https://doi.org/10.1111/bcp.12106
https://doi.org/10.1111/bcp.12106
https://doi.org/10.1007/s40262-013-0100-7
https://doi.org/10.1515/cclm-2014-0767
https://doi.org/10.1515/cclm-2014-0767
https://doi.org/10.1214/aos/1013203451
https://doi.org/10.1214/aos/1013203451
https://doi.org/10.1186/s12967-020-02620-5
https://doi.org/10.1186/s12967-020-02620-5
https://doi.org/10.1186/s12967-022-03364-0
https://doi.org/10.1186/s12967-022-03364-0

	XGBoost-based machine learning test improves the accuracy of hemorrhage prediction among geriatric patients with long-term administration of rivaroxaban
	Abstract 
	Background 
	Methods 
	Results 
	Conclusion 

	Background
	Methods
	Study population and follow-up of hemorrhage
	Clinical data collection
	Random forest model and XGBoost model for prediction of hemorrhage risk
	Statistical analyses
	Ethical considerations

	Results
	Patient characteristics
	Hemorrhage types of geriatric patients
	Analysis of hemorrhagic risk factors and construction of a prediction model by conventional logistic regression
	Analysis of hemorrhagic risk factors and construction of a prediction model based on XGBoost

	Discussion
	Limitations
	Conclusions
	Acknowledgements
	References


