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Overview 

Patients who are hospitalized for acute medical illness are at an increased risk of both venous and 

arterial thrombosis. Several large randomized clinical trials have established the efficacy of 

anticoagulation for the in-hospital duration, in the prevention of venous thromboembolism (VTE). 

These studies have led the American College of Chest Physicians to recommend administration of 

low molecular weight heparin or low dose unfractionated heparin for a duration of 6 to 14 days to 

acute medically ill patients who are at a high risk for VTE and are not at high risk of major 

bleeding. This guideline recommends using the Padua Prediction score to evaluate patient’s risk 

of VTE though it does acknowledge that this score lacks prospective validation and 

generalizability, among other limitations.  

Subsequent studies have demonstrated that these patients’ risk of thrombosis extends beyond the 

in-hospital period. Approximately 60% of VTE occurred after hospital discharge and 53% had 

occurred within 30 days of the index hospitalization. Five large randomized trials have since 

evaluated the efficacy and safety of extended-duration thromboprophylaxis (for 28 to 47 days) 

with enoxaparin, rivaroxaban, apixaban and betrixaban in hospitalized acutely medically ill 

patients. Of these agents, betrixaban, a novel factor Xa inhibitor, was the only one to demonstrate 

a significantly reduced risk of VTE coupled with no significant difference in major bleeding. 

Following the release of the results of the APEX trial, the FDA licensed betrixaban for extended 

duration thromboprophylaxis in acute medically ill patients at high risk for VTE.  

Much attention is given to the prevention of venous thrombosis in acutely medically ill patients; 

however, despite sharing common risk factors with arterial thrombotic events, little has been done 

in the way of prophylaxis against ischemic cardiovascular events in these patients. 

Hypercoagulability and inflammation are known mechanisms that contribute to both pathologies; 

yet little has been done to explore the efficacy of anticoagulation in reducing the incidence of 

arterial thrombotic events in this patient population. We hypothesized that, by upstream inhibition 

of the prothrombinase complex with factor Xa inhibitors, acutely ill patients would not only 

experience less venous thrombosis but also reduced major adverse cardiovascular events. 

Despite successes in the development of novel therapeutic agents and regimens that have prevented 

thrombosis in patients enrolled in clinical trials, the question of how to identify high thrombotic 

risk (and low bleeding risk) patients in a clinical setting remains unanswered. Risk scores have 

known limitations that have prevented their widespread use in this setting. In fact, the most recent 

extended-duration thromboprophylaxis randomized trial enriched for high-risk patients using a 

popular risk score as a screening tool yet failed to demonstrate statistical significance in 12,000 

patients despite a 23% relative risk reduction in the primary endpoint. This suggests a lack of 

sensitivity of the risk score in identifying truly high-risk patients. Machine learning algorithms are 

constructed to search for patterns in data that provide maximum predictive ability. These learning 

methods have demonstrated superiority to traditional diagnostic and prognostic tools in various 

domains. However, the performance of machine learning methods in the prediction of the 

occurrence of thrombosis has not been previously explored.  We sought to explore the utility of 

this novel methodology in predicting thrombotic events in acutely medically ill patients enrolled 

in the APEX trial.  
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ABSTRACT 

Background: Betrixaban, a factor Xa inhibitor, reduced the occurrence of venous 

thromboembolism among subjects hospitalized for an acute medical illness compared to 

enoxaparin. It remains unknown whether betrixaban also reduces the occurrence of major adverse 

cardiovascular events (MACE). 

Methods: The APEX trial randomized hospitalized acutely medically ill subjects to receive 

betrixaban for 35 to 42 days or enoxaparin for 6 to 14 days. Subjects were followed for up to 77 

days. In this substudy, the primary efficacy endpoint was a composite of cardiovascular (CV) 

death, myocardial infarction (MI), or stroke through 42 and 77 days.  The safety endpoint was the 

occurrence of major bleeding within 7 days of study drug discontinuation.  

Results: Betrixaban administration was associated with a reduction in MACE compared to 

enoxaparin through 42 days (2.4% [n=89] vs. 3.5% [n=130], HR=0.69, 95% CI (0.52-0.90), 

p=0.006, ARR=1.1%, NNT=91) and 77 days (2.9% [n=104] vs. 4.3% [n=153], HR=0.68, 95% CI 

(0.53-0.87), p=0.002, ARR=1.4%, NNT=72). A reduction in CV death was also associated with 

betrixaban compared to enoxaparin through 42 days (2.0% [n=72] vs. 2.7% [n=100], HR=0.72, 

95% CI (0.53-0.98), p=0.034, ARR=0.7%, NNT=143) and 77 days (2.4% [n=88] vs. 3.3% 

[n=117], HR=0.75, 95% CI (0.57-0.98), p=0.038, ARR=0.9%, NNT=112). There was no 

difference in major bleeding (p<0.05). 

Conclusions: Betrixaban demonstrated a reduction in MACE among an acute medically ill patient 

population, without an increase in major bleeding. Overall, 72 patients need to be treated to prevent 

one MACE and 112 patients need to be treated to prevent one CV mortality. 
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INTRODUCTION 

The efficacy and safety of extended prophylaxis with betrixaban for 35 to 42 days have 

been evaluated in the randomized, multicenter, phase III APEX trial (Acute Medically Ill VTE 

Prevention with Extended Duration Betrixaban) (n=7,513).  In the overall population, extended-

duration betrixaban reduced the risk of recurrent VTE as compared with standard-duration 

enoxaparin. In addition to the reduction of venous outcomes, betrixaban also reduced the incidence 

of stroke.1 However, it remains uncertain if betrixaban also reduces a composite of cardiovascular 

(CV) death, myocardial infarction (MI), or stroke among acutely ill hospitalized patients, 

particularly among high risk patients with prior history of arterial events.  This post-hoc study of 

the APEX trial evaluates the effect of extended-duration betrixaban, compared to standard-

duration enoxaparin, on the incidence of major adverse cardiovascular events (MACE) among 

subjects enrolled in the APEX trial.  

METHODS 

Study Population and Design 

 The study design and primary results of the APEX trial have been previously published.2,3 

In brief, APEX was a randomized, double-blind, double-dummy, active controlled, phase III 

clinical trial which enrolled acutely medically ill subjects at least 40 years of age with reduced 

mobility and hospitalized for either heart failure, respiratory failure, infectious disease, rheumatic 

disease, or ischemic stroke.  Major exclusion criteria were active bleeding, severe renal 

insufficiency (creatinine clearance <15 mL/min), or the presence of a condition requiring long 

term anticoagulation or antiplatelet therapy.  

Subjects were randomized in a 1:1 ratio to receive either enoxaparin for 10 ± 4 days plus 

oral betrixaban placebo for 35-42 days or enoxaparin placebo for 10 ± 4 days plus active oral 
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betrixaban for 35-42 days. Subjects receiving a concomitant strong p-glycoprotein (P-gp) inhibitor 

or with renal insufficiency (creatinine clearance <30 mL/min) were administered a reduced dose 

of study drug.  After study drug discontinuation, subjects were followed for up to an additional 35 

days. The present post-hoc study of the APEX trial analyzed subjects included in the modified 

intention-to-treat (mITT) population, which was defined as all randomized subjects who received 

at least one dose of the study drug.  A subset of the mITT population at high-risk of MACE was 

also analyzed and included subjects with an acute ischemic stroke as the diagnosis for the index 

hospitalization, as well as subjects with prior history of arterial disease including either MI or non-

hemorrhagic stroke (i.e., ischemic or of uncertain etiology). 

Endpoints 

 In this post-hoc analysis, the primary efficacy endpoint was determined a priori and was 

the composite of MACE, including CV death, MI, or stroke. Secondary efficacy endpoints 

included the individual components of the primary composite. The primary safety endpoint was 

the occurrence of major bleeding according to the International Society on Thrombosis and 

Hemostasis (ISTH) criteria and until 7 days after the discontinuation of the study drug. All CV 

death and stroke events, but not MI events, were adjudicated by an independent, blinded clinical 

events committee. 

Statistical Analysis 

 Statistical analyses were completed using SAS version 9.4 (SAS Institute Inc).  Descriptive 

statistics were reported as mean and standard deviation or median and interquartile range (IQR) as 

appropriate for continuous variables and as frequencies and percentages for categorical variables. 

Independent sample t-tests and the wilcoxon rank sum test were used to test for differences in 

continuous variables, and the chi-square test of independence was used to test for differences in 
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categorical variables.  Time-to-first event analyses were conducted for the efficacy and safety 

outcomes.  Event rates were expressed as Kaplan-Meier (KM) estimates and log-rank p-values 

were reported. Hazard ratios and 95% confidence intervals (CIs) were calculated using a Cox 

Proportional Hazards model.  Analyses were completed at day 42, when study drug was 

discontinued, and through the end of the follow up period at day 77 (42+35 = day 77). 

RESULTS 

Baseline Characteristics 

 A total of 7,513 subjects were randomized in the APEX trial.  Baseline characteristics and 

risk factors for MACE were well-balanced between the two treatment arms (Table 1). Among the 

randomized population, a total of 3,243 (43.2%) had either an acute ischemic stroke as a diagnosis 

for the index hospitalization or a prior history of MI or stroke (n=1,607 in the betrixaban group vs. 

n=1,636 in the enoxaparin group).  Likewise, baseline characteristics were similar between the two 

treatment arms among the subset of high risk subjects with a history of MACE and among those 

without a history of MACE. 

Ischemic Events 

In the mITT population, the composite outcome of CV death, MI, or stroke occurred in 89 

(2.4%) subjects in the betrixaban group vs. 130 (3.5%) subjects in the enoxaparin group through 

42 days.  Compared with standard-duration enoxaparin, extended-duration betrixaban was 

associated with a significant reduction in the primary endpoint of CV death, MI, or stroke 

(HR=0.69, 95% CI (0.52-0.90), p=0.006, ARR=1.1%, NNT=91).  When the analysis was extended 

through 77 days, the reduction in hazard with betrixaban remained unchanged (2.9% [n=104] in 

the betrixaban group vs. 4.3% [n=153] in the enoxaparin group, HR=0.68, 95% CI (0.53-0.87), 

p=0.002, ARR=1.4%, NNT=72) (Table 2, Figure 1a). Of note, when evaluating the individual 
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components of the composite endpoint, betrixaban was associated with a reduction in the risk of 

CV death as compared with enoxaparin through both 42 days and 77 days. Through 42 days. CV 

death occurred in 2.0% [n=72] of subjects in the betrixaban group and 2.7% [n=100] in the 

enoxaparin group, (HR=0.72, 95% CI (0.53-0.98), p=0.034, ARR=0.7%, NNT=143). Through 77 

days 2.4% [n=88] in the betrixaban group and 3.3% [n=117] in the enoxaparin group died of CV 

causes (HR=0.75, 95% CI (0.57-0.98), p=0.038, ARR=0.9%, NNT=112) (Table 2, Figure 1b). 

Compared with enoxaparin, betrixaban was also associated with a significant reduction in the risk 

of stroke, as well as a numeric, but not statistically significant, reduction in the risk of MI (Table 

2). 

When the subset of subjects with an acute stroke as a diagnosis for the index hospitalization 

or a history of prior MI or non-hemorrhagic stroke (i.e., ischemic stroke or stroke of uncertain 

etiology) was evaluated alone, the efficacy outcomes were overall consistent with the outcomes of 

the overall mITT population.  Betrixaban significantly reduced the composite of CV death, MI, or 

stroke as compared with the enoxaparin arm through 42 days (3.2% [n=50] in the betrixaban group 

vs. 4.6% [n=74] in the enoxaparin group, HR=0.69, 95% CI (0.48-0.99), p=0.042, ARR=1.4% 

NNT=72). Through 77 days, 3.6% [n=56] of subjects in the betrixaban group and 5.8% [n=89] in 

the enoxaparin group had a MACE (HR=0.64, 95% CI (0.46-0.90), p=0.009, ARR=2.2%, 

NNT=46) (Table 3, Figure 2a).  In this subset of subjects, betrixaban was associated with a 

significant reduction in MI through 77 days, as well as stroke through 42 and 77 days (Table 3, 

Figure 2b), but the reduction in CV death was no longer statistically significant at either time point. 

Among the remaining subjects without history of MI or stroke, the efficacy of betrixaban 

was similar to enoxaparin with respect to all ischemic outcomes (Table S3). A significant 

interaction between treatment group and a history of ischemic arterial events was not observed for 
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either the composite outcome, CV death alone, or stroke alone through either 42 or 77 days. 

However, a significant interaction between treatment and previous MI or stroke status was 

observed for MI through 42 days (p-interaction=0.037) and 77 days (p-interaction=0.028).   

Bleeding Events 

 In the overall population, the rates of ISTH major bleeding events were similar between 

both treatments groups, as previously reported.3 Among the subset of subjects with an acute 

ischemic stroke as a diagnosis for the index hospitalization or with prior history of MI or non-

hemorrhagic stroke, a total of 14 (0.9%) of subjects in the betrixaban group vs. 9 (0.6%) of subjects 

in the enoxaparin arm experienced a major bleed (HR=1.59, 95% CI (0.69-3.69), p=0.27).   

DISCUSSION 

Extended-duration prophylaxis with oral betrixaban reduced the risk of cardiovascular 

mortality and MACE, as compared with 6-14 days of injectable enoxaparin, in subjects 

hospitalized for an acute medical illness.  In a subset of subjects hospitalized for an acute ischemic 

stroke or who had a prior history of MI or stroke, an anticoagulation strategy with extended-

duration betrixaban for 35 to 42 days reduced the incidence of MACE and MI compared with the 

standard enoxaparin strategy for the in-hospitalization period. The absolute risk reduction of 

MACE with betrixaban is greater among the high-risk population, admitted for ischemic stroke or 

have a history of MI or stroke, as compared with the reduction observed in the overall population 

(2.2% vs. 1.4% through the end of the study). The reduction in efficacy outcomes with betrixaban 

was not offset by an increased risk of major bleeding. This hypothesis-generating study identifies 

an unmet need and a novel target population that may benefit from prophylaxis against MACE. 

Prior studies have reported on the coexistence of venous and arterial thrombotic events 

with a 2 to 3 fold risk of ischemic events among subjects with VTE in the prior year, compared to 
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those that did not have a VTE.4,5 The risk of ischemic events was particularly elevated in those 

that had unprovoked VTE or pulmonary embolism.6,7 Classic cardiovascular risk factors such as 

obesity, diabetes, hypertension, and smoking increase the odds of venous thrombosis by up to 3-

fold.8 Further, a recent study demonstrated an association between the severity of coronary artery 

disease and the occurrence of VTE.9 The mechanisms by which traditional cardiovascular risk 

factors impact both venous and arterial thrombosis are postulated to be primarily by 

hypercoagulability and inflammation. Indeed, histopathological analysis of retrieved pulmonary 

emboli supports this hypothesis and revealed presence of both platelets and polymorphonuclear 

neutrophils.10 These findings advocate for clinicians to abandon a “silo” approach for the 

prevention of venous or arterial thrombosis and promote a holistic approach for risk stratification 

and prevention of vascular disease.11 

In the APEX trial, approximately 4% of subjects in the control arm experienced MACE 

and 3.3% died of cardiovascular causes through 77 days. While the APEX trial selected for high 

risk subjects (e.g., older age, elevated D-dimer, immobilized and anticipated to be hospitalized for 

at least 3 days), this does not fully explain the elevated rates of CV outcomes in the trial.  Pro-

inflammatory mechanisms in this acutely medically ill hospitalized patient population may, at least 

in part, also be responsible for the increased thrombosis in these subjects.  Of note, the current 

analysis showed an approximate 17-fold increase compared to the acknowledged cut-off of the 

pro-inflammatory marker C-reactive protein for the determination of high risk status for CVD.12   

Several trials support the efficacy of factor Xa inhibitors for primary or secondary 

prevention of ischemic events in various clinical settings. Rivaroxaban and apixaban both 

demonstrated significant reductions in ischemic stroke in patients with non-valvular atrial 

fibrillation and are a class I recommendation for this indication.13,14 In the ATLAS ACS TIMI 51 
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trial, rivaroxaban reduced the incidence of MACE in subjects with acute coronary syndrome.15  

The COMPASS trial demonstrated that factor Xa inhibition with rivaroxaban plus aspirin reduced 

the risk of ischemic events compared to aspirin alone in subjects with stable ischemic heart 

disease.16 The present study reinforces the role of factor Xa inhibitors in the prevention of MACE 

in acutely ill patients and in patients with a history of ischemic disease. Only 112 patients need to 

be treated with an extended duration regimen of betrixaban to prevent one cardiovascular death 

and 72 to prevent a MACE. 

Limitations 

 This is a post-hoc analysis, and results should be interpreted in context and considered as 

hypothesis-generating. The APEX trial was not powered to detect differences in ischemic events. 

Unlike stroke and CV death events, MI was reported by the local investigator and was not 

adjudicated by an independent committee. Additionally, the number of MI events was low in the 

overall trial and particularly in the high-risk subgroup and thus, estimates of treatment effect on 

MI may not be reliable. 

Conclusion 

 Extended duration prophylaxis with betrixaban was associated with a reduction in the 

composite of CV death, MI, or stroke among acute medically ill subjects. Further, a significant 

reduction was also demonstrated in CV death alone with betrixaban administration compared to 

enoxaparin. The absolute reduction in risk for CV death, MI, or stroke was larger among subjects 

admitted for ischemic stroke or have a history of MI or stroke, such that only 46 patients need to 

be treated with betrixaban to prevent one event. 
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Table 1 Baseline Characteristics  

 
Betrixaban 

(N = 3759) 

Enoxaparin 

(N = 3754) 
p-value 

Age, yr*  76.6 ± 8.5 76.2 ± 8.3 0.06 

Male  1705 (45.4) 1720 (45.8) 0.69 

Weight, kg*  79.8 ± 19.2 80.7 ± 19.3 0.05 

BMI*  29.2 ± 6.6  29.5 ± 6.7 0.029 

Duration of Hospitalization†  10.0 (7.0-14.0) 10.0 (8.0-14.0) 0.18 

Concomitant Strong P-gp Inhibitor 677 (18.0) 649 (17.3) 0.41 

Concomitant Aspirin  1962 (52.2) 1999 (53.2) 0.40 

Systolic Blood Pressure 132.9 ± 18.0 132.5 ± 17.3 0.37 

Creatinine Clearance§   0.25 

<15 ml/min 1 (<0.1) 0 (0.0)  

15 to <30 ml/min 174 (4.6) 150 (4.0)  

30 to <60 ml/min 1602 (42.6) 1531 (40.8)  

60 to ≤90 ml/min 1299 (34.6) 1346 (35.9)  

>90 ml/min 672 (17.9) 716 (19.1)  

Missing 11 (0.3) 11 (0.3)  

Race   0.76 

White 3503 (93.2) 3518 (93.7)  

Asian 9 (0.2) 7 (0.2)  

Black 74 (2.0) 73 (1.9)  

Other¥ 173 (4.6) 156 (4.2)  

Medical Condition   0.67 

Heart Failure 1677 (44.6) 1672 (44.5)  

Infection 1112 (29.6) 1058 (28.2)  

Respiratory Failure 448 (11.9) 474 (12.6)  

Ischemic Stroke 411 (10.9) 432 (11.5)  

Rheumatic Disorder 109 (2.9) 117 (3.1)  

Risk Factors for Ischemic Events    

CRP, nmol/L 492.5 ± 777.9 465.8 ± 735.0 0.13 

D-dimer ≥ 2x ULN 2341 (62.3) 2332 (62.1) 0.99 

History of Atrial Fibrillation 597 (15.9) 647 (8.6) 0.11 

History of Diabetes 702 (18.7) 703 (18.7) 0.95 

History of Hypercholesterolemia  236 (6.3) 203 (5.4) 0.11 

History of Hypertension 2867 (76.3) 2906 (77.4) 0.24 

 

 

 

 

 



16 
 

Table 2. Ischemic Events in the mITT population 

 Betrixaban 

(N = 3721) 

Enoxaparin 

(N = 3720) 

Hazard Ratio 

95% CI 
p-value 

Through Day 42     

CV Death, MI, Stroke 89 (2.4) 130 (3.5) 0.69 (0.52-0.90) 0.006 

CV Death 72 (2.0) 100 (2.7) 0.72 (0.53-0.98) 0.034 

MI 14 (0.4) 17 (0.5) 0.83 (0.41-1.67) 0.59 

Stroke 16 (0.4) 31 (0.9) 0.52 (0.28-0.94) 0.029 

Through Day 77     

CV Death, MI, Stroke 104 (2.9) 153 (4.3) 0.68 (0.53-0.87) 0.002 

CV Death 88 (2.4) 117 (3.3) 0.75 (0.57-0.98) 0.038 

MI 15 (0.4) 23 (0.6) 0.65 (0.34-1.25) 0.20 

Stroke 18 (0.5) 34 (0.9) 0.53 (0.30-0.94) 0.027 
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Table 3. Ischemic Outcomes in Subjects With or Without a History of MACE Events 

 Betrixaban 

(N = 1595) 

Enoxaparin 

(N = 1630) 

Hazard Ratio 

95% CI 
p-value 

Overall mITT Population 

Through Day 42     

CV Death, MI, Stroke 89 (2.4) 130 (3.5) 0.69 (0.52-0.90) 0.006 

CV Death 72 (2.0) 100 (2.7) 0.72 (0.53-0.98) 0.034 

MI 14 (0.4) 17 (0.5) 0.83 (0.41-1.67) 0.59 

Stroke 16 (0.4) 31 (0.9) 0.52 (0.28-0.94) 0.029 

Through Day 77     

CV Death, MI, Stroke 104 (2.9) 153 (4.3) 0.68 (0.53-0.87) 0.002 

CV Death 88 (2.4) 117 (3.3) 0.75 (0.57-0.98) 0.038 

MI 15 (0.4) 23 (0.6) 0.65 (0.34-1.25) 0.20 

Stroke 18 (0.5) 34 (0.9) 0.53 (0.30-0.94) 0.027 

Among Subjects With a History of MACE 

Through Day 42     

CV Death, MI, Stroke 50 (3.2) 74 (4.6) 0.69 (0.48-0.99) 0.042 

CV Death 42 (2.7) 55 (3.4) 0.78 (0.52-1.17) 0.23 

MI 4 (0.3) 12 (0.8) 0.34 (0.11-1.06) 0.05 

Stroke 9 (0.6) 21 (1.3) 0.44 (0.20-0.96) 0.034 

Through Day 77     

CV Death, MI, Stroke 56 (3.6) 89 (5.8) 0.64 (0.46-0.90) 0.009 

CV Death 49 (3.2) 66 (4.3) 0.76 (0.53-1.10) 0.15 

MI 5 (0.3) 16 (1.0) 0.32 (0.12-0.88) 0.019 

Stroke 10 (0.6) 23 (1.5) 0.45 (0.21-0.94) 0.028 

Among Subjects Without a History of MACE 

Through Day 42     

CV Death, MI, Stroke 39 (1.9) 56 (2.7) 0.69 (0.46-1.03) 0.07 

CV Death 30 (1.4) 45 (2.2) 0.66 (0.41-1.04) 0.07 

MI 10 (0.5) 5 (0.2) 1.97 (0.67-5.77) 0.21 

Stroke 7 (3.4) 10 (0.5) 0.69 (0.26-1.81) 0.44 

Through Day 77     

CV Death, MI, Stroke 48 (2.3) 64 (3.1) 0.73 (0.50-1.05) 0.09 

CV Death 39 (1.9) 51 (2.5) 0.74 90.49-1.12) 0.15 

MI 10 (0.5) 7 (0.3) 1.41 (0.54-3.70) 0.49 

Stroke 8 (0.4) 11 (0.5) 0.71 (0.29-1.78) 0.47 
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Figure 1a and 1b. Composite Ischemic Events (1a) and Cardiovascular Death Alone (1b) in the mITT Population 
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Figure 2a and 2b. Composite Ischemic Events (2a) and Myocardial Infarction Alone (2b) Among Subjects with a History of Ischemic 

Events 
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ABSTRACT 

Aims: To Evaluate the performance of machine learning models in estimating VTE risk 

compared to the IMPROVE score.  

Methods: The APEX trial randomized 7,513 hospitalized acutely ill medical patients to 

extended duration betrixaban vs. standard of care enoxaparin. Patients were followed for up to 77 

days. Including 68 variables, a super learner model (ML) was built to predict VTE by combining 

risk estimates from 5 families of candidate models. A “reduced” model (rML) was also 

developed using 17 variables that were thought, a priori, to be associated with the occurrence of 

VTE.  The IMPROVE score was calculated for each patient. Model performance was assessed 

by discrimination and calibration of the model’s ability to predict a composite VTE endpoint. 

The frequency of predicted risks of VTE were plotted and divided into tertiles. Patient 

characteristics, treatment assignment and outcomes were described for each tertile. Odds ratio 

and confidence intervals were computed to compare VTE risk across tertiles. 

Results: The ML and the rML algorithms outperformed the IMPROVE score in predicting VTE 

(c-statistic: 0.69, 0.68 and 0.59, respectively). The p-value for the Hosmer-Lemeshow goodness 

of fit was 0.06 for ML, 0.44 for rML, and <0.001 for the IMPROVE score, demonstrating better 

calibration properties with the machine learning algorithms compared to the IMPROVE score. 

The observed event rate in the lowest tertile was 2.5%, in tertile two was 4.8%, and in the highest 

tertile was 11.4%. Patients in the highest tertile of VTE risk had a 5-fold increase in odds of VTE 

compared to those in the lowest tertile. 

Conclusion: The super learner algorithms improved discrimination and calibration compared to 

the IMPROVE score for predicting VTE in acute medically ill patients. Further research is 

required to prospectively evaluate this algorithm in a clinical setting. 

Keywords: Machine learning,Personalized medicine, Acute Medically Ill, Venous 

Thromboembolism, Super Learner 
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ABBREVIATIONS 

ACCP – American College of Chest Physicians 

CART – Classification And Regression Tree 

CUS – Compression Ultrasound 

DAPT – Dual Antiplatelet Therapy 

DOAC – Direct Oral Anticoagulants 

DVT – Deep Vein Thrombosis 
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INTRODUCTION 

 Patients with an acute medical illness have an increased risk of venous thromboembolism 

(VTE) during hospitalization, which persists following discharge.1,2  Several randomized trials 

have demonstrated the efficacy of VTE prophylaxis with direct oral anticoagulants (DOACs) 

compared to low molecular weight heparin (LMWH) for 6 to 14 days.3-5  

Based on the results of the APEX trial, the FDA has licensed betrixaban for first line 

thromboprophylaxis in acute medically ill patients at high risk for VTE. The identification of these 

high-risk patients may be determined clinically or by use of risk assessment models (RAMs) that 

rely on integer-based scoring systems of known risk factors.6,7 Padua and International Medical 

Prevention Registry on Venous Thromboembolism (IMPROVE) are two validated scores for risk 

stratification of acute medically ill patients.8-10 These RAMs demonstrated modest performance in 

validation datasets.11-13  

  Machine learning algorithms are constructed to search for patterns in data that provide 

maximum predictive ability.14,15   These learning methods have demonstrated superiority to 

traditional diagnostic and prognostic tools in various domains.16-19 However, the performance of 

machine learning methods in the prediction of the occurrence venous thromboembolism has not 

been previously explored.  This analysis evaluates the performance of machine learning in the 

prediction of venous thromboembolism through 77 days among hospitalized acute medically ill 

patients enrolled in the APEX trial. 
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METHODS 

Source of Data 

The APEX trial has been described previously.20  In brief, APEX was a randomized, 

double-blind, double-dummy, active-controlled phase 3 clinical trial that enrolled 7,513 patients 

hospitalized for a specific acute medical illnesses (heart failure, respiratory failure, infectious 

disease, rheumatic disease, or ischemic stroke). Patients had reduced mobility and specific risk 

factors for VTE (aged ≥75 years, baseline D-Dimer ≥2× upper the limit of normal (ULN), or 2 

additional ancillary risk factors for VTE).  Patients were randomized in a 1:1 ratio to receive 80 

mg of oral betrixaban for 35 to 42 days, or 40 mg of subcutaneous enoxaparin for a standard 

duration of 6 to 14 days (Figure 1). Patients were followed for up to 77 days. The 6,454 subjects 

(86%) that had CUS assessment for asymptomatic DVT were included in the derivation dataset. 

Outcome 

The primary outcome was a composite of asymptomatic and symptomatic deep vein 

thrombosis (DVT), pulmonary embolism (PE), and VTE-related mortality through the end of study 

(77 days). Asymptomatic DVT was assessed by compression ultrasound (CUS) from 32 to 47 days 

after hospitalization. An independent, blinded, centralized, end-point adjudication committee 

assessed symptomatic and ultrasound endpoints.  

Predictive Models 

Ensemble learning is a type of machine learning that combines predictions across different 

candidate models. A total of 39 candidate machine learning algorithms in 5 families of models 

were built using 10-fold cross validation.  Broadly, the families of candidate models built included 

Generalized Additive Models (GAMs), Elastic Net (Penalized Logistic Regression), Extreme 

Gradient Boosting (XGBoost), Random Forests, a Bayesian logistic regression with default priors, 
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and a simple classification tree.  The Super Learner ensemble method then used cross validation 

to select weights which were applied to each candidate model to combine predictions. The first 

model (ML) was built with 68 variables. A second “reduced’ model (rML) was developed using 

17 variables that were thought, a priori, to be risk factors for VTE.  Both super learner ensemble 

models were compared to each other and to the IMPROVE risk score. The variables included in 

each of the models are summarized in the supplemental table 2.  

Performance Measures 

Predictive performance was compared via model discrimination and calibration.  

Discrimination was assessed with a cross-validated concordance statistic (c-statistic) and 

compared using a bootstrapped test of significance.  Calibration was assessed via high resolution 

non-parametric calibration plots and the Hosmer-Lemeshow goodness of fit test was used to test 

for statistical significance. A non-significant Hosmer-Lemeshow test (p>0.05) suggests good 

calibration and a significant test (p<0.05) suggests poor calibration. 

Risk Stratification 

 The distribution of the predicted risks produced by rML model was plotted and divided 

into tertiles. Patient characteristics and outcome event rates were described and median predicted 

risks were reported in each tertile. Odds ratios and 95% confidence intervals were computed 

comparing the observed rate of VTE across the tertiles.  An implementation of the rML model in 

three different patient profiles was summarized and marked in relation to the risk distribution in 

the APEX trial.  

Analyses were conducted by an academic research organization, Percutaneous-

Pharmacologic Endoluminal Revascularization for Unstable Syndromes Evaluation (PERFUSE).  

All authors drafted and critically revised the manuscript and took responsibility for its content.  
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The corresponding author had full access to all the data in the study and had final responsibility 

for the decision to submit for publication. This study was funded by Portola Pharmaceuticals Inc. 

RESULTS 

Baseline Characteristics 

Baseline characteristics and outcome summary of the patients enrolled in the APEX trial 

are shown in Table 1. The mean age was 76 years. 46.1% of patients were hospitalized for heart 

failure, 11.6% for respiratory failure, 11.2% for ischemic stroke, 27.9% for acute infection, and 

3.1% for rheumatic disease. A total of 405 patients (6.3%) had a VTE through the end of the study. 

Approximately 76% of VTE were asymptomatic DVT, 9.6% were symptomatic DVT, 7.1% were 

pulmonary embolism, and 10% were VTE related deaths. 

Performance Measures 

The ML model had a c-statistic of 0.69 and the rML model had a c-statistic of 0.68, with 

both demonstrating superior discriminative ability compared to the IMPROVE score which had a 

c-statistic of 0.59 (p<0.001). The two Super learner models had similar discrimination with a p-

value of 0.282. (Figure 1) 

The super learner models appear well-calibrated compared to the IMPROVE score as 

shown in the calibration plot (Figure 2). Both the ML and rML models demonstrated good 

calibration using the Hosmer-Lemeshow test (p = 0.06 and p = 0.44, respectively).  In contrast, the 

IMPROVE score demonstrated poor calibration (Hosmer-Lemeshow p < 0.001). 

Risk Stratification  

The frequency of the predicted risks produced by the reduced super learner model (rML) 

was plotted in Figure 3 and color-coded according to tertiles of risk. Predicted risks were estimated 

by refitting the rML model to the full dataset, with the modification that every patient was assumed 
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to receive the betrixaban treatment. This was done to ensure that the risk stratification is due to 

additional covariate information, separate from the treatment effects demonstrated in the APEX 

trial.  

Patient characteristics and outcomes in each tertile are described in Table 2. The lowest 

tertile included predicted risks between 0 and ≤3.3%, with a median risk of 2.7%.  The second 

tertile represented intermediate risks ranging from >3.3% to <5% ,with a median of 5%.  The third 

tertile predicted risks ≥5%, with a median of 7.4%. The observed VTE rates in the tertiles were 

2.5% in the lowest tertile, 4.8% in the middle tertile, and 11.4% in the third tertile.  The odds of 

VTE in the second and third tertiles, compared to the lowest tertile, were 1.97 and 5.04, 

respectively (Table 3). Table 4 shows VTE prediction risk estimates obtained from the rML model 

algorithms for three different acutely ill patient profiles and Figure 3 marks these patients’ risk of 

VTE on a plot of the distribution of risks in the APEX trial. 

 

DISCUSSION 

 This analysis is the first report of a machine learning model to predict VTE in acute 

medically ill patients.  The super learner ensemble method demonstrated superior performance 

compared to the IMPROVE score, with a higher c-statistic for predicting VTE through 77 days. 

This method produced risk estimates that were well calibrated with observed outcomes. Patients 

predicted to be in the second and third tertiles of VTE risk were at 2 and 5-fold increased odds of 

suffering VTE compared to the lowest tertile.  

Traditional risk assessment models have several limitations. They are built primarily using 

generalized linear models, which require substantial modeling skill and subject matter expertise. 

Use of poor techniques such as stepwise variable selection, unjustified dichotomization of 
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continuous input variables, unprincipled handling of variable interactions, and other arbitrary 

procedures reduces generalizability to new patient populations. Additionally, the traditional use of 

integer scoring systems diminishes the predictive ability of risk assessment models by not allowing 

models to contain “protective” effects and inappropriately combining estimated variable effects 

(i.e., adding odds ratios). Finally, higher-order interactions are rarely explored and are difficult to 

interpret or incorporate into integer scoring systems. 

These limitations can lead to predictions that were poorly calibrated to outcomes. The use 

of a modified IMPROVE score to enrich for patients at high risk for VTE in the MARINER trial 

presents a cautionary tale. The IMPROVE score did not discriminate on outcomes with a similar 

score in those that did and did not have a VTE. Similarly, using an integer-based score in the 

MARINER trial underestimated the event rate.21 

However, traditional risk scores offer the advantage of ease of use and simple computation 

by the physician at the point of care, which previously would have outweighed performance 

limitations. The IMPROVE score and the DAPT score which has a mobile application that has 

been downloaded over 100,000 times.22-24  

The super learner ensemble algorithm provides advantages of allowing a priori 

specification of an algorithm that combines estimates from traditional regression models and 

machine learning algorithms and determines the weights to apply to each model.25 This allows the 

data to “decide” the weights to apply to each method in order to achieve the best fit rather than 

arbitrarily choosing an approach that may not necessarily provide the best performance.  

Our reduced model demonstrated similar discrimation compared to the complete model 

and qualitatively appeared more highly calibrated with patient outcomes through a wider range of 

risks and had a high p-value for the Hosmer-Lemeshow test. This finding corroborates a previous 
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study, which used “untransformed” and “reduced” super learner algorithms for the prediction of 

mortality in ICU patients in which the reduced model performed similarly to the untransformed 

model. 17 Both machine learning models produced a marginally improved AUC of 0.69 compared 

to 0.59 for the IMPROVE score. This small increase is unlikely to substantially improve the 

classification of patients into risk groups. Nonetheless, a greatly improved calibration is more 

meaningful to both patients and clinicians when trying to achieve an accurate estimate of VTE 

risk. 

In a digital era where approximately two thirds of people in North America use smartphone 

devices, a mobile-friendly, web-based platform is an easy way to risk stratify patients. Indeed, 

most traditional risk scores are available on web-based risk calculators including the IMPROVE 

score and the DAPT score which has a mobile application that has been downloaded over 100,000 

times.  These advantages in technology preclude the need for integer scores, which sacrifice 

accuracy for ease of use, and open the door for the use of more complex and accurate models.  This 

analysis presents a contemporary method to identify those at high risk. The integration of this 

algorithm in a mobile platform paves a way forward for bringing this tool to the bedside, however, 

the effect of using this model in clinical practice on hard endpoints must first be evaluated 

prospectively. 

Limitations 

Machine learning methods are often described as “black box” as they do not provide 

information on the directionality or magnitude of effect for variables on the outcome. The 

predicted risk distribution in the APEX trial may not apply to other populations and only serves as 

a validation of progressively increasing risk across classes derived from this dataset. Thus, 

classification of risk into low, intermediate and high-risk tertiles may not correspond to tertiles of 
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risk in other populations. Model training and validation was performed within a single dataset. 

Additional training datasets may provide additional variables that were otherwise unmeasured in 

the present data, the may be meaningful in outcome prediction. Finally, replication of this models’ 

performance in an external dataset is required to establish external validity. 

CONCLUSION 

This analysis is the first to evaluate the performance of machine learning algorithms, built 

on randomized clinical trial data, for the prediction of VTE among acute medically ill patients.  

The super learner produced the highest c-statistic for prediction of VTE compared to the 

IMPROVE score and produced risk estimates that were well calibrated with observed outcomes. 

Patients in the lowest tertiles of risk had the lowest observed outcomes, while those in the highest 

tertile had the highest rate of VTE that corresponds to approximately 5-fold increased odds of VTE 

compared to the lowest tertile. Therefore, the rML model can be used to identify and group patients 

according to risk in a clinically meaningful way. Further research is needed to evaluate the effect 

of the use of this algorithm on outcomes in a clinical setting. 
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FIGURE LEGEND 

Figure 1. Receiver Operator Characteristics Curve and Calibration Plot 

Figure 1A shows the Receiver Operator Characteristics Curve for the composite VTE outcome 

for the Complete Super Learner ensemble (ML), the Reduced Super Learner ensemble (rML), 

and the IMPROVE risk score. Figure 1B shows the calibration plot for the composite VTE 

outcome for the Complete Super Learner ensemble (ML), the reduced Super Learner ensemble 

(rML), and the IMPROVE risk score.  

 

Figure 2. Predicted Risk Distributions 

Figure 3 shows the distribution of the predicted risks produced by the rML model. The distribution 

is divided into tertiles with the green area representing low risk of VTE, the yellow represents 

intermediate risk for VTE, and the red represents high risk for VTE. 
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Table 1. Baseline Characteristics 

 Overall 

(N = 6459) 

No VTE Event 

(N = 6052) 

VTE Event 

(N = 407) 

p-

value 

Age, years (mean (SD)) 76.31 (8.28) 76.26 (8.21) 77.05 (9.22) 0.065 

Male (%) 2924 (45.3) 2732 (45.1) 192 ( 47.2) 0.456 

Weight, kg (mean (SD)) 80.55 (19.20) 80.62 (19.24) 79.46 (18.66) 0.239 

BMI, kg/m2 (median [IQR]) 

28.40 [24.90, 

33.20] 

28.40 [24.90, 

33.20] 

28.40 [24.35, 

32.40] 0.196 

Duration of Hospitalization, 

days (median [IQR]) 

10.00  

[8.00, 14.00] 

10.00 

 [8.00, 14.00] 

11.00 

 [8.00, 15.00] <0.001 

Creatinine Clearance, mL/min 

(mean (SD)) 71.23 (32.92) 71.41 (32.89) 68.56 (33.29) 0.095 

Race (%)    0.003 

   White 6063 (95.5) 5686 (95.6) 377 ( 94.5)  

   Black 116 ( 1.8) 106 ( 1.8) 10 (  2.5)  

   Asian 13 ( 0.2) 11 ( 0.2) 2 (  0.5)  

   American Indian 7 ( 0.1) 7 ( 0.1) 0 (  0.0)  

   Pacific Islander 1 ( 0.0) 0 ( 0.0) 1 (  0.3)  

   Multiple 44 ( 0.7) 43 ( 0.7) 1 (  0.3)  

   Other 104 ( 1.6) 96 ( 1.6) 8 (  2.0)  

Using Strong P-gp Inhibitor (%) 1161 (18.0) 1091 (18.0) 70 ( 17.2) 0.723 

D Dimer (median [IQR]) 

1.24  

[0.65, 2.25] 

1.20 

 [0.63, 2.15] 

2.05  

[1.04, 3.78] <0.001 

History of Cancer (%) 759 (11.8) 698 (11.5) 61 ( 15.0) 0.044 

History of Thrombosis (%) 512 ( 7.9) 420 ( 6.9) 92 ( 22.6) <0.001 

Chronic Heart Failure (%) 1470 (22.8) 1376 (22.7) 94 ( 23.1) 0.915 

Acute Infectious Disease (%) 1009 (15.6) 940 (15.5) 69 ( 17.0) 0.488 

Severe Varicosities (%) 1201 (18.6) 1128 (18.6) 73 ( 17.9) 0.774 

Hormone Replacement (%) 59 ( 0.9) 53 ( 0.9) 6 (  1.5) 0.337 

Inherited or Acquired 

Thrombophilia (%) 7 ( 0.1) 5 ( 0.1) 2 (  0.5) 0.099 
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Table 2.  Patient Characteristics and Outcomes According to Predicted Risk Tertiles 

 Lowest 

Tertile 

(N=2103) 

Middle 

Tertile 

(N=2135) 

Highest 

Tertile 

(N=2221) p-value 

Treatment with Betrixaban (%) 1031 (49.0) 1036 (48.5) 1140 (51.2) 0.148 

Treatment with Enoxaparin (%) 1073 ( 51.0) 1099 ( 51.5) 1081 ( 48.8) 0.148 

Primary Outcome Event (%) 58 (  2.8) 109 (  5.1) 240 ( 10.8) <0.001 

Age, years (mean (SD)) 73.83 (7.24) 77.23 (7.40) 77.78 (9.40) <0.001 

Male (%) 988 ( 47.0) 967 ( 45.3) 969 ( 43.6) 0.086 

Weight, kg (mean (SD)) 85.17 (20.56) 78.53 (17.48) 78.11 (18.68) <0.001 

BMI, kg/m2 (median [IQR]) 

29.60 [25.90, 

35.50] 

28.10 [24.60, 

32.10] 

27.50 [24.20, 

32.00] <0.001 

Duration of Hospitalization, days 

(median [IQR]) 

9.00 [7.00, 

13.00] 

10.00 [7.75, 

14.00] 

11.00 [8.00, 

15.00] <0.001 

Creatinine Clearance, ml/min 

(mean (SD)) 75.84 (33.15) 69.93 (31.32) 68.08 (33.71) <0.001 

Race (%)    0.73 

   White 1996 ( 95.7) 1992 ( 95.1) 2075 ( 95.7)  

   Black 37 (  1.8) 35 (  1.7) 44 (  2.0)  

   Asian 4 (  0.2) 7 (  0.3) 2 (  0.1)  

   American Indian 2 (  0.1) 3 (  0.1) 2 (  0.1)  

   Pacific Islander 0 (  0.0) 1 (  0.0) 0 (  0.0)  

   Multiple 14 (  0.7) 18 (  0.9) 12 (  0.6)  

   Other 32 (  1.5) 39 (  1.9) 33 (  1.5)  

Use of Strong P-gp Inhibitor (%) 383 ( 18.2) 352 ( 16.5) 426 ( 19.2) 0.065 

D Dimer (median [IQR]) 

0.69 [0.39, 

1.11] 

1.24 [0.76, 

1.83] 

2.70 [1.52, 

4.37] <0.001 

History of Cancer (%) 217 ( 10.3) 275 ( 12.9) 267 ( 12.0) 0.031 

History of Thrombosis (%) 2 (  0.1) 13 (  0.6) 497 ( 22.4) <0.001 

Chronic Heart Failure (%) 500 ( 23.8) 467 ( 21.9) 503 ( 22.6) 0.332 

Acute Infectious Disease (%) 313 ( 14.9) 356 ( 16.7) 340 ( 15.3) 0.243 

Severe Varicosities (%) 475 ( 22.6) 312 ( 14.6) 414 ( 18.6) <0.001 

Hormone Replacement (%) 4 (  0.2) 14 (  0.7) 41 (  1.8) <0.001 

Inherited or Acquired 

Thrombophilia (%) 2 (  0.1) 2 (  0.1) 3 (  0.1) 0.894 
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Table 3. Venous Thromboembolism Risk Prediction Using the reduced Machine Learning 

(rML) Model in Three Different Patient Profiles 

 

  Patient A Patient B Patient C 

Clinical Presentation/ 

Description 

Septic 

Patient 

COPD 

Exacerbation  

Patient 

Acute 

Decompensated 

Heart Failure 

Patient 

Variable Name       

Age 45 77 86 

BMI 35 27.5 18 

Any ICU Admissions Yes No Yes 

Duration of Immobility (days) 2 3 5 

Heart Failure at Admission No No Yes 

Respiratory Failure at 

Admission No Yes No 

Acute Infection at Admission Yes No No 

Rheumatic Disease at 

Admission No No No 

NYHA CHF Class III or IV No No Yes 

History of Thrombosis No Yes Yes 

Hormone Replacement Therapy Yes No No 

Active Cancer No No Yes 

Lower Limb Paresis No Yes Yes 

Chronic Respiratory Failure No Yes Yes 

Protein 109 74 90 

D-Dimer 2500 750 1500 

Predicted Risk of VTE (%) 2.2 6.3 11.5 

Accuracy 0.711 (0.540 - 0.813) 

Negative Predictive Value 0.962 (0.956 - 0.969) 

Positive Predictive Value 0.120 (0.095 - 0.158) 

Sensitivity 0.570 (0.430 - 0.748) 

Specificity 0.720 (0.527 - 0.837) 
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Figure 1. Receiver Operator Characteristics Curve and Calibration Plot 

 

  

 

 

ML Hosmer-Lemeshow p = 0.06 

rML Hosmer-Lemeshow p = 0.44 

IMPROVE-VTE Hosmer-Lemeshow p<0.001 

0.282 

A. B. 



43 
 

Figure 2. Predicted Risk Distributions and VTE Predicted Risk Estimates for Three Different Patient Profiles Using the rML 

Model 
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SUPPLEMENTAL APPENDIX 

Table S1. Variables Included in the Prediction Models 

Variable Name Missing (%) Model 

Age 0 (0) 

ML, rML, 

IMPROVE 

Race 111 (0.0172) ML 

Sex 0 (0) ML 

Receiving Strong P-gp Inhibitors 0 (0) ML 

Height 56 (0.0087) ML 

Weight 8 (0.0012) ML 

BMI 56 (0.0087) ML, rML 

Duration of Hospitalization 21 (0.0033) ML 

Mobility at Screening 

9 (0.0014) 

ML, 

IMPROVE 

Anticoagulant Use Prior to 

Randomization 0 (0) 

ML 

Any ICU Admissions 14 (0.0022) 

ML, rML, 

IMPROVE 

Duration of Immobility 0 (0) ML ,rML 

Aspirin or Proton Pump Inhibitor 0 (0) ML 

Region 0 (0) ML 

Heart Failure at Admission 0 (0) ML, rML 

Respiratory Failure at Admission 0 (0) ML, rML 

Acute Infection at Admission 0 (0) ML, rML 

Rheumatic Disease at Admission 0 (0) ML, rML 

Ischemic Stroke at Admission 0 (0) ML 

Treatment Received 7 (0.0011) ML 

Ethnicity 132 (0.0204) ML 

NY Heart Association CHF Class 0 (0) ML, rML 

History of Thrombosis 0 (0) 

ML, rML, 

IMPROVE 

History of Cancer 0 (0) ML 

Acute Infectious Disease 0 (0) ML 

Severe Varicosities 0 (0) ML 

Hormone Replacement Therapy 0 (0) ML, rML 

Active Cancer 0 (0) 

ML, rML, 

IMPROVE 

Obesity 0 (0) ML 

Lower Limb Paresis 0 (0) 

ML, rML, 

IMPROVE 

Chronic Respiratory Failure 0 (0) ML, rML 

CVD 0 (0) ML 
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Activated Partial Thromboplastin 578 (0.0895) ML 

Alanine Aminotransferase 168 (0.026) ML 

Alkaline Phosphatase 146 (0.0226) ML 

Aspartate Aminotransferase 151 (0.0234) ML 

Basophils 567 (0.0878) ML 

Bicarbonate 144 (0.0223) ML 

Blood Urea Nitrogen 144 (0.0223) ML 

C-Reactive Protein 117 (0.0181) ML 

Calcium 148 (0.0229) ML 

Chloride 148 (0.0229) ML 

Creatine Kinase 151 (0.0234) ML 

Creatinine 120 (0.0186) ML 

Creatinine Clearance 129 (0.02) ML 

Eosinophils 567 (0.0878) ML 

Eosinophils Leukocytes 567 (0.0878) ML 

Mean Corpuscular Volume 555 (0.0859) ML 

Erythrocytes 554 (0.0858) ML 

Globulin 152 (0.0235) ML 

Glucose 150 (0.0232) ML 

Hematocrit 554 (0.0858)  

Hemoglobin 840 (0.1301) ML 

Indirect Bilirubin 1516 (0.2347) ML 

Lymphocytes 567 (0.0878) ML 

Lymphocytes: Leukocytes Ratio 567 (0.0878) ML 

Magnesium 101 (0.0156) ML 

Monocytes 567 (0.0878) ML 

Monocytes: Leukocytes Ratio 567 (0.0878) ML 

Neutrophils 567 (0.0878) ML 

Platelets 630 (0.0975) ML 

Potassium 166 (0.0257) ML 

Protein 149 (0.0231) ML, rML 

INR 531 (0.0822) ML 

Prothrombin Time 523 (0.081) ML 

Sodium 148 (0.0229) ML 

Triglycerides 146 (0.0226) ML 

D-Dimer 111 (0.0172) ML, rML 
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Table S2. Super Learner Candidate Models and Respective Weights for ML 

Model VTE 

GAM* .23909 

Elastic Net .33416 

Random Forest .28742 

Extreme Gradient Boosting .13983 

Bayes GLM** 0 

Mean Event Rate 0 
 

*GAM = Generalized Additive Models 

**GLM = Generalized Linear Models 
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Table S3. Super Learner Candidate Models and Respective Weights for rML 

Model VTE 

GAM* .87509 

Bayes GLM** .00999 

CART*** .00927 

GLM** 0 

GLM Interaction** 0 

Mean Event Rate .10565 

 
*GAM = Generalized Additive Models 

**GLM = Generalized Linear Models 

***CART = Classification And Regression Tree 
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Summary 

These analyses shed light on two important aspects of vascular care in hospitalized acutely 

medically ill patients. Firstly, these patients are not only at an increased risk of venous thrombosis 

(8.5%), rather they are also at a significant risk of arterial thrombosis with 4.3% experiencing a 

MACE event through 77 days after hospitalization and 3.3% dying of cardiovascular causes. In 

addition, this risk is shown to be modifiable with extended-duration factor Xa inhibition. Secondly, 

machine learning may be used to identify patients who are at high risk for thrombosis. This method 

outperforms traditional risk assessment methods and may identify patients who would derive 

higher benefit from a prophylactic antithrombotic regimen. 

Perspectives 

Traditionally, prophylaxis against venous thromboembolism was managed independently from 

secondary prevention of ischemic arterial events as though physicians were treating the vessels 

and not the patient. A recent Danish National Registry study of approximately 17,000 patients has 

demonstrated a 2 to 3 fold increased risk of deep vein thrombosis and pulmonary embolism, 

respectively, among patients with a prior myocardial infarction (MI) or stroke, compared to those 

without a prior MI or stroke. Similarly, another study demonstrates a 3-fold increase in arterial 

ischemic events among those with a history of VTE, compared to those without a history of VTE. 

This risk was 60% higher when the VTE was unprovoked. 

Indeed, there are biological mechanisms supporting this notion. Classic cardiovascular risk factors 

such as obesity, hypertension, tobacco use, dyslipidemia and diabetes are known to increase 

inflammation, hypercoagulability and endothelial injury. These mechanisms are known to induce 

both atherothrombosis and venous thrombosis. A recent metanalysis of 63,552 patients enrolled in 

10 studies, demonstrates a 50% to 130% increased risk of venous thrombosis with the presence of 

these classic cardiovascular risk factors. In fact, a histopathological analysis of clots retrieved from 

pulmonary emboli were shown to contain both platelets and polymorphonuclear neutrophils, 

suggesting both a coagulation and inflammatory pathological process. The present study furthers 

our understanding of these interrelated disease processes by demonstrating that both pathologies 

are common, coexist, and are potentially preventable with factor Xa inhibition in acute medically 

ill patients who are at high-risk of thrombosis. 

The challenge of identifying those who are at high-risk of thrombosis is complex and requires the 

incorporation of many clinical variables. These variables are dynamic and interact with one 

another in infinite combinations of polynomial relationships. Traditional risk scores are thought to 

oversimplify the risk stratification process into integer-based values that are often arbitrarily 

rounded from the risk ratios associated with a select few known risk factors. The risk factors are 

not often evaluated for complex interactions or polynomial relationships and thus, traditional 

scores have been shown to perform similarly to physician judgement alone. This analysis 

demonstrates that machine learning may produce clinical predictions that are better calibrated to 

patient outcomes. Though this methodology requires validation in an external dataset, it represents 

an important advance in thrombotic risk stratification of acutely ill patients and potential for 

improving vascular care. 
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