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Abstract

Background: Pulmonary embolism (PE) is a severe and acute cardiovascular syndrome with high mortality among pa@
with autoimmune inflammatory rheumatic diseases (AIIRDs). Accurate prediction and timely intervention play a pivotal role in
enhancing survival rates. However, there is a notable scarcity of practical early prediction and risk assessment systems of PE in
patients with ATIRD.

Methods: In the training cohort, 60 AIIRD with PE cases and 180 age-, gender-, and disease-matched AIIRD non-PE cases were
identified from 7254 AIIRD cases in Tongji Hospital from 2014 to 2022. Univariable logistic regression (LR) and least absolute
shrinkage and selection operator (LASSO) were used to select the clinical features for further training with machine learning (ML)
methods, including random forest (RF), support vector machines (SVM), neural network (NN), logistic regression (LR), gradient
boosted decision tree (GBDT), classification and regression trees (CART), and C5.0 models. The performances of these models
were subsequently validated using a multicenter validation cohort.

Results: In the training cohort, 24 and 13 clinical features were selected by univariable LR and LASSO strategies, respectively.
The five ML models (RE, SVM, NN, LR, and GBDT) showed promising performances, with an area under the receiver operating
characteristic (ROC) curve (AUC) of 0.962-1.000 in the training cohort and 0.969-0.999 in the validation cohort. CART and
C5.0 models achieved AUCs of 0.850 and 0.932, respectively, in the training cohort. Using D-dimer as a pre-screening index, the
refined C5.0 model achieved an AUC exceeding 0.948 in the training cohort and an AUC above 0.925 in the validation cohort.
These results markedly outperformed the use of D-dimer levels alone.

Conclusion: ML-based models are proven to be precise for predicting the onset of PE in patients with AIIRD exhibiting clinical
suspicion of PE.

Trial Registration: Chictr.org.cn: ChiCTR2200059599.
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Introduction diagnosis,!»?! which ranks very high among the causes of
cardiovascular mortality.®! Enhancing survival in patients
with PE depends on both early and precise prediction,
coupled with aggressive PE management. However, the
clinical manifestations of PE, such as dyspnea, chest

pain, hemoptysis, and syncope, are non-specific and

Pulmonary embolism (PE) is a lethal cardiovascular dis-
order caused by the sudden occlusion of arteries within
the lungs, requiring prompt diagnosis and intervention. In
the absence of timely and effective treatment, patients can

rapidly deteriorate into a critical state with a heightened
risk of fatality. The estimated overall mortality rate of
acute PE could be up to 15% in the first 3 months after
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heterogeneous, often mirroring symptoms observed in
severe pneumonia, chronic obstructive pulmonary dis-
ease, myocardial infarction, and other conditions. While
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pulmonary angiography remains the gold standard for PE
diagnosis, computed tomography pulmonary angiography
(CTPA) offers excellent accuracy and is an important diag-
nostic tool for suspected PE.*’I However, for acute critical
patients, the potential risks associated with moving outside
the ward for diagnostic examinations, such as the risk of
sudden death and unforeseen adverse events, pose signif-
icant concerns. Therefore, achieving timely and accurate
prediction of PE remains a challenge in clinical settings.

Autoimmune inflammatory rheumatic diseases (AIIRDs)
are heterogeneous autoimmune diseases with the poten-
tial to affect multiple organs, including systemic lupus
erythematosus (SLE), rheumatoid arthritis (RA), Sjogren’s
syndrome (SS), systemic sclerosis (SSc), etc. Several studies
have indicated that AIIRDs were associated with a sub-
stantially increased risk of PE.[*"'?l However, these studies
primarily investigated the risk factors of PE in AIIRD
patients, which cannot provide an operational algorithm
helping predict the PE occurrence in AIIRD patients.

Machine learning (ML), an emerging branch of artificial
intelligence, is adept at discerning the accurate statistical
patterns within extensive sets of clinical features derived
from recorded cases.!'3 In contrast to traditional statistical
methods that provide insights from observed differences
among groups based on collected clinical features, ML
excels in uncovering intricate relationships among various
features, facilitating precise classification.!!313] Research
has revealed the immense potential of ML algorithms
in the medical field, including the rapid diagnosis, risk
assessment, and prognosis prediction.['*1¢-2%l Considering
the acute and life-threatening characteristics of PE, as well
as the requirement for early and precise diagnosis, ML
algorithms may provide new opportunities to achieve the
aforementioned aims.

To date, no study about the application of ML in the pre-
diction or stratification of PE in AIIRD patients has been
reported. In this study, we applied several ML models, and
all of these models can be applied to classification tasks
in the field of medicine: support vector machines (SVMs)
can help find a hyperplane that maximally separates the
different classes in the data; logistic regression (LR) can
estimate the probability of an event occurring, of which
the coefficient is commonly estimated via maximum likeli-
hood estimation; neural network (NN) is a mathematical
model similar to the structure of the human brain’s neural
networks, which can deliver the most optimal results by
segregating data to the deepest level intended; gradient
boosted decision tree (GBDT), random forest (RF),
classification and regression trees (CART), and CS5.0 are
decision tree models, in which each question can be rep-
resented as a node, and finally create a hierarchy (GBDT
and RF can show better performance; however, their
algorithms are complicated, and the performers need the
help of computer systems).[?!>2l Here, we aimed to build
risk prediction models for PE using various ML methods
based on the clinical information (without the results of
CTPA) recorded before PE diagnosis in AIIRD patients
and validate their performances on multicentric data.
Besides ML models, for which the prediction needs the
assistance of computers, we also applied the ML method
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to develop decision trees, enabling a simple and conven-
ient prediction of PE occurrence in our current clinical
work-up.

Methods

Study design and patients

In this study, we identified a total of 60 AIIRD patients
with PE (AIIRD PE) from 7254 patients with AIIRD hos-
pitalized in Tongji Hospital from 2014 to 2022. A total
of 180 age-, gender,- and disease-matched AIIRD patients
without PE (AIIRD non-PE) from Tongji hospital were
included as control. The information of other 41 AIIRD
PE cases from Zhongnan Hospital Affiliated to Wuhan
University, Jingzhou Central Hospital, Hubei University
for Nationalities Affiliated Hospital, and Yichang Central
People’s Hospital was also collected for model validation
[Figure 1A]. The detailed inclusion and exclusion criteria
were recorded in Supplementary Table 1, http:/links.lww.
com/CM9/B902. All AIIRD PE patients included in this
study were diagnosed via CTPA. This study was approved
by the Institutional Ethics Committee of Tongji Hospital
with informed consent waived (No. TJ-IRB20211256)
and registered in the Chinese Clinical Trial Register
(ChiCTR2200059599).

Data collection

Deidentified data of the enrolled patients, including their
demographic (e.g., age, gender), clinical (e.g., symptoms
and signs, medical history, complications, and disease out-
come), and laboratory information (e.g., blood routine,
coagulation function, hepatic/renal function, high sensi-
tivity C reactive protein, erythrocyte sedimentation rate,
etc.), results of examinations (e.g., CTPA and ultrasonic
detection of lower extremities), and therapeutic interven-
tions before (the nearest detection before PE diagnosis or
baseline data) were extracted from the electronic medical
records systems. The normal ranges and units of the
laboratory indices and definitions/details of some nomen-
clatures (e.g., hyperlipidemia, anti-coagulant/thrombotic
treatment, etc.) are recorded in Supplementary Table 2,
http://links.lww.com/CM9/B902. All the laboratory, radi-
ologic, and ultrasonic results have been independently
checked and evaluated by two experts, and all of these
examinations applied the standardized methods.

Model development and statistical analysis

For the development of the predictive models, we trained
7 ML models, including LR, SVM, GBDT, NN, RE, CART,
and C35.0 model, with the baseline data of 60 AIIRD PE
patients and 180 age-, gender— and disease-matched (via
PSM) AIIRD non-PE patients in Tong]l Hospital (tralmng
cohort). Features for the model training were selected via
two strategies: least absolute shrinkage and selection oper-
ator (LASSO) (lambda.1se was applied) and univariate
LR (features with P <0.05), which were realized with R
package “glmnet” and “stats”, respectively. For the model
validation, the information of 41 PE patients from other
centers and the aforementioned 180 controls were applied
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Figure 1: Study design and demographic characteristics of AlIRD with PE patients enrolled in training cohort. (A) A total number of 7254 AlIRD patients was admitted to Tongji Hospital
from 2014 to 2022. Only 0.827% (60/7254) of AlIRD patients were diagnosed with PE. After matching with gender, age, and disease type, 180 AlIRD patients without PE were selected
as control. These 240 patients were enrolled in the training cohort. Clinical characteristics selected by univariate LR and LASSO were applied as input of ML models (RF, SVM, NN,
LR, GBDT, CART, and C5.0). And these ML models were validated by multicenter data. (B) 8.3% (5/60) of AlIRD patients with PE were dead. These 60 patients consisted of 16 SLE, 14
SS, 9 RA, 6 1IM, 6 APS, 4 UCTD/MCTD, 2 AOSD, 2 ANCA associated vasculitis, and 1 1gG4-RD. (C) Complication of these 60 AIIRD with PE patients. (D) Pattern of the exact sites of PE
identified by pulmonary CTPA in 60 AlIRD with PE patients. (E) Location of LEDVT in 27 AlIRD patients with PE. AIIRD: Autoimmune inflammatory rheumatic disease; AMI: Acute myocardial
infarction; AMS: Abnormal mental state; ANCA: Anti-neutrophil cytoplasmic antibodies; AOSD: Adult-onset Still disease; APS: Antiphospholipid antibody syndrome; CART: Classification and
Regression Trees model; COPD: Chronic obstructive pulmonary disease; CTPA: Computed tomography pulmonary angiography; GBDT: Gradient boosted decision tree; HBP: High blood
pressure; 1gG: Immunoglobulin G; 19G4-RD: IgG4 related disease; IIM: Idiopathic inflammatory myopathies; ILD: Interstitial lung disease; LASSO: Least absolute shrinkage and selection
operator; LEDVT: Lower extremity deep vein thrombosis; LR: Logistic regression; MCTD: Mixed connective tissue disease; ML: Machine learning; NN: Neural network; PAH: Pulmonary
arterial hypertension; PE: Pulmonary embolism; RA: Rheumatoid arthritis; RF: Random forest; SLE: Systemic lupus erythematosus; SS: Sjogren’s syndrome; SVM: Support vector machine;
UCTD: Undifferentiated connective tissue disease.

to validate the performance of trained models (multicen-  imputation was realized with the RF method in R package
tric validation cohort or validation cohort). The training ~ “mice”. R package “ggplot2” was applied to draw plots,
cohort was also applied to make the internal validation of  and all the analyses in this study were realized with R
the trained models. The training of LR, SVM, RE, GBDT,  (version 4.1.1, R Foundation for Statistical Computing,
NN, and CART models was realized with method  Vienna, Austria).

“bayesglm”, “svmLinear”, “rf”, “gbm”, “avNNet”,
and “rpart2” in R package “caret” with default settings,
respectively, and five-fold cross-validations were applied to
fine-tune the parameters. The C5.0 model was trained with
C5.0 function in R package “C50.” The relative feature-im-  Demographic and clinical characteristics of patients with
portance scores of the LR, RE, GBDT, and NN models were  AlIRD and PE

obtained via “varImp” function encapsulated in “caret”. . . .
As the SVM model has no built-in importance score, the Among these 60 AIIRD PE patients in the training cohort,

area under the ROC curve (AUC) of each selected feature =~ 26-7% (1 = 16) of them had SLE and 23.3% (n = 14)
was utilized to calculate their corresponding importance =~ Wer¢ secondary to SS, accounting for the majority of all
scores. The models’ predictive performances on different ~AIIRD PE cases [Figure 1B and Supplementary Table 3,
datasets were evaluated by the AUC. The calculations of ~ http://links.lww.com/CM9/B902].  Despite  treatment,

and the comparisons between different AUCs were real-  five patients succumbed to PE. The presence Of IOWef
ized with R package “pROC”. extremity deep venous thrombosis (LEDVT), pericardial

effusion, pleural effusion, thoracalgia, dyspnea, lung
Chi-squared or Fisher exact tests were applied for the infection,enlarged right ventricle (RV), pulmonary arterial
analysis of categorical data. Mann-Whitney U test were  hypertension (PAH), hyperlipidemia, hemoptysis, ascites,
used to compare the continuous variables. Both of them  and abnormal mental state (AMS) was more common
were realized with R package “tableone”. P <0.05 (two-  in AIIRD PE patients [Figure 1C]. Comparisons of other
tailed) was considered as statistically significant. Data  clinical laboratory indices between PE and non-PE AIIRD

Results
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Table 1: Basic information and laboratory characteristics between AIIRD patients with and without PE in the training cohort.

Items Without PE (n = 180) With PE (n = 60) XU Pvalues

Basic information
Gender (male), 7 (%) 39 (21.7) 13 (21.7) 0.000 1.000
Age (years) 51.00 [33. 00 62.00] 51.00 [35.50, 65.00] 5304.0 0.837
Smoking, 7 (%) 6(8.9) 7 (11.7) 0.144 0.704
Alcohol, 7 (%) 0(5.6) (5.0) 0.000 1.000
Death, 7 (%) 3(1.7) 5(8.3) 4.310 0.038
“Anticoagulative/thrombotic usage, 7 (%) 9 (5.0) (1.7) 0.557 0.456

Laboratory parameters
WBC (x10%L) 5.67 [4.32,7.91] 7.77 [5.20, 10.40] 3977.5 0.004
Neu (x10%L) 3.70 [2.62, 5.92] 5.70 [2.92, 7.83] 4089.0 0.008
Hemoglobin (g/L) 118.00 [104.75, 128.00] 117.00 [97.00, 133.50] 5255.0 0.905
PLT (x10%/L) 210.50 [148.50, 278.25] 173.00 [99.50, 265.00] 6300.0 0.032
ESR (mm/1h) 23.00 [12.00, 47.00] 27.00 [8.75, 52.50] 5082.0 0.774
hsCRP (mg/L) 2.48[0.53, 11.54] 15.95 [5.27, 73.72] 2412.0 <0.001
IgG (g/L) 13.65 [11.09, 19.19] 12.03 [9.30, 16.04] 4835.0 0.012
C3 (g/L) 0.96 [0.78, 1.12] 0.84 [0.66, 1.16] 4514.0 0.142
C4 (g/L) 0.20 [0.14, 0.27] 0.17 [0.13, 0.21] 4767.0 0.039
PCT (ng/mL) 0.05 [0.05, 0.08] 0.11 [0.06, 0.75] 589.5 0.003
BNP (pg/mL) 119.00 [57.25, 316.50] 1364.00 [154.50,4143.75] 582.5 <0.001
Fibrinogen (g/L) 3.32[2.72,4.48] 3.83[2.80, 5.29] 4662.0 0.217
D-dimer (ug/mL) 0.63 [0.28, 1.40] 4.36 [2.26,7.51] 1331.0 <0.001
AST (U/L) 24.00 [17.00, 37.00] 24.00 [17.50, 41.00] 4993.0 0.491
ALT (U/L) 19.00 [12.75, 35.25] 24.00 [16.00, 37.50] 4262.0 0.023
LDH (U/L) 214.50 [174.75,284.25] 310.00 [245.00, 444.00] 1961.5 <0.001
ALP (U/L) 70.00 [55.00, 85.00] 80.00 [60.00, 98.00] 3853.5 0.034
Albumin (g/L) 40.25 [35.50,43.12] 33.80 [30.70, 38.30] 7905.0 <0.001
Globulin (g/L) 32.25(28.87,37.10] 33.60 [26.40, 37.35] 5467.0 0.733
TG (mmol/L) 1.52 [1.00, 2.20] 1.62 [1.05, 2.21] 3150.5 0.591
TC (mmol/L) 3.87[3.27,4.53] 3.98 [3.29,4.78] 4662.0 0.553
BUN (mmol/L) 4.90 [3.90, 6.15] 5.50 [3.91, 6.72] 4670.5 0.183
Cr (umol/L) 59.00 [50.00, 73.50] 66.00 [53.50, 81.50] 4452.0 0.071
eGFR (mL/min per 1.73 m?) 101.80 [88.20, 114.15] 92.30 [71.20, 109.72] 5916.0 0.050
Glucose (mmol/L) 5.95 [5.01, 6.88] 6.23 [5.27, 8.01] 3283.0 0.144
Urine protein, 7 (%) 44 (24.7) 23 (46.0) 7.659 0.006
Urine protein-24h, 7 (%) 36 (31.6) 0(76.9) 8.669 0.004
COMBS, 7 (%) 44 (35.5) 4(36.4) 0.000 1.000
PANCA, 7 (%) 10 (9.1) 2(6.7) 0.003 0.958
cANCA, 7 (%) 3(2.7) 0 0.041 0.839
anti-MPO, 7 (%) 7 (6.4) 2(6.9) 0.000 1.000
anti-PR3, 1 (%) 1(0.9) 0 0.000 1.000
ANA, 7 (%) 148 (86.5) 44 (80.0) 0.931 0.335
anti-ulnRNP, 7 (%) 29 (17.3) 7(13.7) 0.145 0.703
anti-Sm, 7 (%) 18 (10.7) 4(7.7) 0.137 0.711
anti-SSA, 7 (%) 78 (46.2) 29 (55.8) 1112 0.292
anti-SSB, 7 (%) 41 (24.4) 7 (13.5) 2.183 0.140
anti-Ro52, 7 (%) 72 (42.4) 23 (44.2) 0.006 0.937
anti-Jol, 7 (%) 6 (3.6) 5(9.6) 1.914 0.167
anti-dsDNA, 7 (%) 22 (13.1) 4(7.4) 0.788 0.375
anti-rRNP, 72 (%) 17 (10.1) 6(11.8) 0.006 0.940
anti-Scl-70, 7 (%) 5(3.0) 4(7.7) 1.210 0.271
AHA, n (%) 10 (6.0) 1(1.9) 0.642 0.423
anti-CENP-B, 7 (%) 8 (4.7) 3(5.8) 0.000 1.000
ANuA, 7 (%) 13 (7.7) 4(7.5) 0.000 1.000
B2GP1-IgA, n (%) 11 (7.8) 1(3.1) 0.308 0.579
B2GP1-IgG, 1 (%) 21 (14.9) 4 (12.5) 0.005 0.945
B2GP1-IgM, 1 (%) 5(3.5) 0 0.247 0.619
ACA-IgA, n (%) 10 (7.1) 4 (13.8) 0.680 0.410
ACA-IgG, n (%) 18 (12.8) 7 (14.9) 0.015 0.901

(Continued)
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(Continued)

Items Without PE (n = 180) With PE (n = 60) gl Pvalues
ACA-IgM, 7 (%) 5(3.5) 1(2.2) 0.000 1.000
LAC, n (%) 29 (20.9) 12 (31.6) 1.370 0.242
RE 7 (%) 53(39.8) 10 (29.4) 0.851 0.356
anti-CCP, 2 (%) 36 (27.1) 6(21.4) 0.145 0.703
AKA, n (%) 19 (14.3) 4 (14.8) 0.000 1.000
Abnormal ECG, 7 (%)* 0 (0) 5(9.1) 12.639 <0.001

“Before PE diagnosis. 'S1Q3T3. Continuous data are presented as median [Q1-Q3], and categorical data as 7 (%). ACA: Anticardiolipin antibody;
AHA: Anti-histone antibodies; AIIRD: Autoimmune inflammatory rheumatic diseases; AKA: Anti-keratin antibody; ALP: Alkaline phosphatase; ALT:
Alanine transaminase; ANA: Antinuclear antibody; ANuA: Anti-nucleosome antibody; AST: Aspartate aminotransferase; BNP: Brain natriuretic
peptide; BUN: Blood urea nitrogen; C3: Complement 3; C4: Complement 4; CCP: Cyclic citrullinated peptide; ECG: Electrocardiogram; eGFR:
Estimated glomerular filtration rate; ESR: Erythrocyte sedimentation rate; hsCRP: high sensitivity C reactive protein; IgG: Immunoglobulin G; LAC:
Lupus anticoagulant; LDH: Lactate dehydrogenase; Neu: Neutrophil; PE: Pulmonary embolism; PLT: Platelets; RF: Random Forest model; TC:

Triglyceride; TG: Total cholesterol; WBC: White blood cell.

patients were recorded in Table 1. The distribution pattern
of the artery emboli revealed by CTPA was demonstrated
in Figure 1D, which showed that more than a half of the
AIIRD PE patients (55.0%) suffered from a pattern with
bilateral branch involvement. Embolization of the trunk
of the pulmonary artery was less common. The Figure 1E
illustrates the thrombi distribution in the lower extremi-
ties in AIIRD PE patients with LEDVT, of whom 59% had
intermuscular vein thrombosis, followed by popliteal vein
thrombosis in 44% of patients. Thrombosis of the com-
mon femoral vein, deep femoral vein, superficial femoral
vein, and posterior tibial vein also occurred.

Laboratory features and potential risk factors for PE in AllIRD
patients

Comparative analysis of selected laboratory parame-
ters between the 60 AIIRD PE patients and 180 AIIRD
non-PE patients is shown in Figure 2A. Compared with
AIIRD non-PE patients, elevated levels of white blood
cell, neutrophil, alanine transaminase, lactate dehydro-
genase, high sensitivity C reactive protein, procalcitonin,
N-terminal pro-brain natriuretic peptide, D-dimer and
decreased levels of platelets, albumin, IgG, C4 were
found in the AIIRD PE patients. The ROC curves of these
individual laboratory indices are plotted in Figure 2B. It
can be found that the predictive performances of most
indices on the prediction of PE occurrence in AIIRD were
poor. Although the AUC of D-dimer could reach 0.871,
this level of accuracy proved insufficient for early and pre-
cise PE prediction, subsequently therapeutic intervention,
and patient survival.

To further identify the potential risks contributing to the
PE occurrences in AIIRD patients, we applied univariate
LR [Figure 2C and Supplementary Table 4, http:/links.
lww.com/CM9/B902] and LASSO [Figure 2D]| methods
to screen the baseline features. Using the univariate LR
approach led to the selection of 24 features, with 21 of
them exhibiting a positive correlation with the occurrence
of PE in AIIRD (OR >1, P <0.05) and the remaining
two features exhibiting a negative correlation (OR <1,
P <0.05) [Figure 2C]. The LASSO strategy yielded 13
features, of which 10 were deemed as high-risk factors

for PE in AIIRD and three were categorized as low-risk
factors [Figure 2D].

ML-based model training for the prediction of PE in AlIRD
patients

While CTPA remains the “gold standard” for PE diagnosis,
its invasiveness, reliance on available hospital equipment,
and time-consuming nature pose limitations. To enhance
early PE diagnosis and reduce reliance on CTPA, we
employed baseline clinical laboratory parameters filtered
through the univariate LR and LASSO strategies to train
five ML models (SVM, RE, LR, NN, and GBDT), aiming
to predict the occurrences of PE in AIIRD patients. All
of these models demonstrated promising predictive
performances in the training cohort. Specifically, models
derived from univariate LR-selected features achieved an
AUC of 1.000, 0.978, 0.962, 0.982, and 0.990 for RE,
SVM, NN, LR, and GBDT, respectively [Figure 3A, left],
whereas those based on LASSO-selected features yielded
an AUC of 1.000, 0.993, 0.998, 0.995, and 0.992 for RE,
SVM, NN, LR, and GBDT, respectively [Figure 3A, right].
The corresponding significance of the selected variables
in each ML models is shown in Figure 3B. We further
constructed a correlation matrix incorporating all 26 fea-
tures selected by univariate LR and LASSO. This matrix
offers an internal “correlation pattern” revealing indices
closely associated with PE occurrences in patients with
AIIRD, functioning as a potential clinical tool to heighten
suspicion of PE.

Promising performance exhibited by decision trees derived
from ML methods

Although all five aforementioned models showed strong
predictive capabilities, given the computational intri-
cacies, a straightforward and logical model with robust
predictive performance was desired for current clinical
application. Therefore, we trained the decision trees with
C5.0 and CART methods, which displayed a concise
and explicit risk prediction capabilities for patients with
ATIRD and PE [Figure 4A]. Trees derived from the CART
model trained with features selected by univariate LR and
LASSO strategies were the same [Figure 4B] and only
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Figure 2: Statistical analysis of clinical features and feature selection by univariate LR and LASSO strategies. (A) Box and jitter plots showed distribution of continuous features between
AlIRD without PE patients (n = 180) and AlIRD with PE patients (n = 60). The center line represents the median of the feature. Box limits represent upper and lower quartiles. Whiskers
represent 1.5 times IQR. (B) The ROC curve showed the diagnostic efficiency of each feature. A high AUC indicates a good diagnostic performance of the corresponding feature.
(C) The forest plot shows the OR values and 95% confidence intervals for 24 features selected by univariate LR. (D) LASSO variable trace profiles of baseline clinical features. The vertical
dashed line shows the best lambda value, 0.0426, chosen by ten-fold cross-validation, and finally, 13 features were selected. AlIRD: Autoimmune inflammatory rheumatic diseases; ALP:
Alkaline phosphatase; ALT: Alanine transaminase; AUC: Area under the ROC curve; BNP: Brain natriuretic peptide; BUN: Blood urea nitrogen; hsCRP: High sensitivity C reactive protein; IgG:
Immunoglobulin G; IQR: Interquartile range; LASSO: Least absolute shrinkage and selection operator; LDH: Lactate dehydrogenase; LEDVT: Lower extremity deep vein thrombosis; LR:
Logistic regression; Neu: Neutrophil count; NT-proBNP: N-terminal pro-brain natriuretic peptide; PAH: Pulmonary arterial hypertension; PCT: Procalcitonin; PE: Pulmonary embolism; PLT:
Platelets; PRO: Urine protein; ROC: Receiver operating characteristics; WBC: White blood cell.
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Figure 3: Model performance of five ML models for risk prediction for AIRD with PE. (A) The ROC curves showed the diagnostic efficiency of each ML model selected by univariate LR (left)
and LASSO (right), respectively. (B) Scaled importance rank of all features included in five ML models for risk prediction for AIIRD with PE. The size of circles represents the value of relative
importance. The different color of circles represents the feature importance in different models. The left panel showed the features selected by univariate LR strategy; the right panel
showed the features selected by LASSO strategy. AIIRD: Autoimmune inflammatory rheumatic disease; ALP: Alkaline phosphatase; AUC: Area under the ROC curve; BNP: Brain natriuretic
peptide; BUN: Blood urea nitrogen; GBDT: Gradient-Boosting Decision Tree model; hsCRP: High sensitivity C reactive protein; IgG: Immunoglobulin G; LASSO: Least absolute shrinkage
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achieved a limited predictive performance with an AUC of
0.850 [Figure 4C]. In contrast, the tree derived from C5.0
model, trained with LASSO-selected features, performed
better (with an AUC of 0.932) in internal validation
[Figure 4D, bottom right, and Figure 4E|. Conversely, the
C5.0 model tree trained with univariate LR-selected features
was intricate and displayed inferior performance compared
with its LASSO counterpart. (data not shown). We further
investigated the combined predictive potential of the C5.0
tree and the most predictive aforementioned individual
laboratory index, D-dimer [Figure 4D]. Notably, in the train-
ing cohort, an AUC of 0.953 was achieved for PE prediction
in patients with D-dimer levels exceeding upper limit of nor-
mal value. However, when solely relying on D-dimer levels
for PE prediction, the sensitivity and specificity for patients
with ATIRD were 96.7% and 46.2%, respectively.

It should be noted, although as the threshold elevated,
higher specificity was observed when only D-dimer was

applied to predict PE occurrence, its sensitivity decreased.
The corresponding diagnostic procedure based solely on
D-dimer levels could not adequately reflect the pathogenic
logic of PE in AIIRD at the level of pathophysiology,
when compared with the diagnostic procedure combining
D-dimer levels and the C5.0 model.

Multicenter validation of ML-trained predictive models

We further enrolled 41 AIIRD PE cases from four centers
(Zhongnan Hospital Affiliated to Wuhan University,
Jingzhou Central Hospital, Hubei University for Nation-
alities Affiliated Hospital, and Yichang Central People’s
Hospital) for the multicentric validation. The baseline
data of these patients are listed in Supplementary
Table 5, http://links.lww.com/CM9/B902. The RE, SVM,
NN, LR, and GBDT models achieved an AUC of 0.999,
0.969, 0.986, 0.969, and 0.988, respectively [Figure SA,
left]. The C5.0 tree exhibited statistically significant
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Figure 4: Correlations between features included in models and new ML model performance. (A) Spearman’s correlation matrix of variables selected by LASSO and univariate LR
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and the AUC was 0.850. (D) The C5.0 tree and its predictive performance in combination with D-dimer level or itself alone. The upper left red area represented the level of D-dimer and
information of the predictive performance of D-dimer alone and in combination with C5.0 model. The bottom right region is C5.0 tree (derived from features selected by LASSO strategy).
(E) The diagnostic performance of C5.0 tree alone, and the AUC was 0.932. ALP: Alkaline phosphatase; AUC: Area under the ROC curve; BUN: Blood urea nitrogen; CART: Classification and

Regression Trees model; hsCRP: high sensitivity C reactive protein; IgG: Immunoglobulin G;

LASSO: Least absolute shrinkage and selection operator; LDH: Lactate dehydrogenase; LEDVT:

Lower extremity deep vein thrombosis; LR: Logistic Regression; ML: Machine learning; PAH: Pulmonary arterial hypertension; PCT: Procalcitonin; PRO: Urine protein; WBC: White blood cell.

superior predictive performance compared with solitary
D-dimer levels, whether applied independently or in
combination with the D-dimer level. [Figure SA, right].
We further investigated the detailed performance of
these ML and ML-derived models in predicting the

41 AIIRD PE patients enrolled from multiple centers
[Figure 5B]. The majority of PE occurrences were iden-
tified by all six algorithms, and the prediction of PE
occurrence reached 100% when all six algorithms were
concurrently applied.

1818



Chinese Medical Journal 2024;137(15)

WWW.Cmj.org

A

AUC(vs. D-Dimer)=0.957 vs. 0.795, p=0.001

in D-dimer > 1xULN

AUC(vs. D-Dimer)=0.939 vs. 0.795, p=0.004

in D-dimer > 3xULN

AUC(vs. D-Dimer)=0.927 vs. 0.795, p=0.014

Original C5.0

o | 2
-
Multi-center Validation 31
© based on LASSO-derived models > o
s
& 31
2 9 | S
= © o
= o
m o
s < | 2
0 o = RF, AUC=0.999 o |
— SVM, AUC=0.969 . e
N — NN, AUC=0.986 2 °
o 5 < |
= LR, AUC=0.969 ® S
— GBDT, AUC=0.988 S
o — L
| T T | | 1 °
1.0 0.8 0.6 0.4 0.2 0
B Specificity

AUC(vs. D-Dimer)=0.925 vs. 0.795, p=0.021

in D-dimer > 4xULN in D-dimer > 5xULN in D-dimer > 8xULN

AUC(vs. D-Dimer)=0.948 vs. 0.795, p=0.006 | AUC(vs. D-Dimer)=0.963 vs. 0.795, p=0.002

T T T T T T T T T T T T T T
08 06 04 02 0 08 06 04 02 0 08 06 04
Specificity Specificity Specificity

= D-dimer == C5.0s

Predictive Results

Yes
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Discussion

PE, a frequent and life-threatening acute cardiovascular
syndrome, presents an annual incidence of 0.38 per
1000 individuals in the general population./*’! Within
Tongji Hospital, the rate of PE among AIIRD patients
is 0.827%, accompanied by a mortality rate of 8.22%.
The challenge of accurately and promptly identifying PE
occurrences arises from the absence of specific clinical
signs and symptoms, leading to unfavorable prognoses.
Early prediction and timely intervention in reducing
mortality rates are crucial. While imaging (e.g., CTPA)
tests are common for diagnosis, they are often feasible for
almost all suspected cases. Moreover, radiological exami-
nations take considerable time. Several prediction systems
have been developed to predict the onset of PE. The most
frequently used predictive systems are the Geneva rule,
the Wells rule, and their simplified versions.***”l Despite
their routine use, only approximately 8% of patients in
US emergency departments and 27% in Europe have
been confirmed using these scoring systems.?8! Moreover,
these systems include certain items that are unsuitable for
AIIRD patients, such as surgical history, fractures, and
active cancer. Previous studies on PE in AIIRD patients
have only evaluated the risk factors for PE, without offer-
ing convenient or rapid methods for early and accurate
prediction of PE in AIIRD patients.?>3°l The demand

for practical risk assessment systems that are specific for
recognizing PE in ATIRD patients remains urgent. In light
of the vast and intricate clinical data generated today,
diagnostic algorithms stemming from subjective physician
experience or conventional statistical methods often fall
short of delivering exceptional performance. In response,
we conceived this multicenter study, training multiple
ML models to facilitate precise and convenient predic-
tion of PE occurrence in AIIRD patients without relying
on CTPA examinations. Impressively, all these models
demonstrated encouraging predictive capabilities. This
affirms that ML-based models can substantially enhance
the efficiency of predicting specific pathophysiological
conditions, providing substantial assistance to physicians
in finalizing diagnoses. This direction aligns with the
future trend of early and accurate diagnosis and risk
prediction in clinical practice. However, most of these ML
models currently necessitate computer assistance, poten-
tially inconveniencing physicians, especially in scenarios
where suitable computing equipment is unavailable. To
provide a high-performance and physician-friendly algo-
rithm, we obtained the decision trees trained through
CART and CS5.0 methods. Notably, the C5.0 tree trained
with features selected by LASSO strategy demonstrated
robust predictive performance while maintaining a rela-
tively simple structure, thus offering a practical tool for
physicians.
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The nodes in the C5.0 tree were related to several signifi-
cant clinical features that could be elucidated within the
context of the pathophysiology of PE. RV enlargement,
a prevalent visual manifestation of RV overload or dys-
function in patients with PE, is identifiable in >25% of
PE cases via transthoracic echocardiography and is linked
with an unfavorable prognosis.*!?! Our study high-
lighted that 57% of patients with AIIRD and PE suffered
from RV enlargement, a ratio significantly surpassing
that of non-PE patients with AIIRD. RV enlargement is
postulated to be a sensitive marker for predicting PE,3’!
which was also confirmed using the univariate LR and
LASSO analyses in this study. Echocardiography used to
detect RV pressure overload or dysfunction, is recom-
mended as a diagnostic tool for these suspected high-risk
PE patients with hemodynamical instability.**! Given
that RV pressure overload and dysfunction are commonly
observed in acute PE, the identification of RV enlargement
or dysfunction can expedite the conclusive diagnosis of
PE in patients with suspected PE.[** In the CS5.0 tree, the
differentiation based on RV enlargement stands as the
foremost node in the entire decision tree, and the presence
of RV enlargement can almost directly signal PE occur-
rence in patients with AIIRD.

The majority of PE originates from DVT in the lower
limbs. LEDVT is regarded as a major cause of PE, with
a high positive predictive value for PE.3®371 Approxi-
mately, 40% of patients with DVT have asymptomatic
PE. It is recommended that a clinical suspected patient
should accept the diagnosis of PE, if the compression
ultrasonography shows a proximal DVT.** In this study,
we found that 61% of acute PE patients with AIIRD had
LEDVT, with intermuscular and popliteal veins being the
most common sites of LEDVT formation. The second node
of the whole C5.0 tree was for distinguishing the presence
of LEDVT: in AIIRD patients with clinical suspicion of
PE, presence of LEDVT without previous anti-coagulant/
thrombotic treatment is a high-performance predictor of
PE occurrence. In addition, this reveals the importance of
the anti-coagulant/thrombotic treatment for preventing
further PE onset in patients with LEDVT.

Dyspnea, which is regarded as one of the most common
symptoms in clinical settings, is highly related to pulmo-
nary vascular obstruction and/or its consequences. In
general, dyspnea has an acute and severe presentation in
patients with central PE; in contrast, it is often mild and
may be transient in patients with small peripheral PE.[*
A systematic review and meta-analysis have reported that
clinical symptoms have limited diagnostic value; however,
the absence of dyspnea is one of the most useful clinical
features for ruling out PE.3®! In patients with preexisting
heart failure or pulmonary disease, aggravating dyspnea
can be the unique symptom indicator of PE. During PE
diagnosis, pleural effusion is often ignored by clinicians;
however, PE is responsible for quite a number of undiag-
nosed pleural effusions.’®! A retrospective study has
reported that pleural effusion occurred in 57.01% of
patients with acute PE.**l Furthermore, dyspnea is present
in more than 70% of patients with PE and pleural effu-
sion.’?! In univariate LR analysis of PE occurrence in the
present study, the ORs for dyspnea and pleural effusion,
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two of the most remarkable variables, were 35.444 and
12.571, respectively. The co-existence of these two varia-
bles is a very strong positive indicator of PE occurrence
in AIIRD patients. Nevertheless, dyspnea without pleural
effusion may have a very low clinical implication for PE
prediction.

D-dimer, a laboratory index, should be discussed in the
context of PE. D-dimer levels are elevated in most patients
with acute PE. Therefore, it is considered a vital parame-
ter for diagnosing venous thromboembolism (VTE) and is
routinely used to identify patients at high risk of PE.[#142!
The International Medical Prevention Registry on Venous
Thromboembolism (IMPROVE) risk assessment model
has been comprehensively validated in patients.[*3=*]
The prognostic value of identifying patients at risk of
developing venous thromboembolism can be improved
by incorporating D-dimer with this model.[**! However,
D-dimer levels can increase in various pathophysiological
conditions (e.g., surgery, pregnancy, malignancy, chronic
inflammatory conditions, etc.); furthermore, a small set
of patients with PE have normal D-dimer levels during PE
onset.*”l Therefore, only D-dimer levels alone cannot be
a specific predictor or exclusive index for PE occurrence in
AIIRD patients. However, when the D-dimer index is com-
bined with C5.0 decision tree, the new algorithm increased
specificity in predicting the PE occurrence and demon-
strated better performance, with an AUC of 0.948-0.981
in internal validation and 0.925-0.963 in multicentric
validation. Furthermore, the better performance of C5.0
tree when combined with the D-dimer is also interpretable
at the pathophysiological level. As mentioned previously,
abnormal D-dimer levels are an important phenomenon
tightly correlated with thrombus formation. For example,
in addition to PE, RV enlargement is observed in other
disease conditions, including primary pulmonary hyper-
tension (PAH). However, Can et al’s!*®! study showed that
the D-dimer levels are in the normal range (0.42 + 0.31,
ranging from 0.29 to 0.61 mg/L) in most PAH patient.
Therefore, the combination of significantly increased
D-dimer levels, and RV enlargement can strongly indicate
PE occurrence.

The performances of our models were further validated
by multicentric data. The AUCs of all five ML models (RE,
SVM, NN, LR, and GBDT) trained with features selected
by LASSO strategy were more than 0.96, ranging from
0.969 to 0.999. The ML-derived C5.0 tree algorithm
performed well (significantly better than D-dimer levels
alone). It should be noted that although no single method
(namely, ML models or ML-derived tree algorithms)
alone can perfectly identify all the PE cases in our study;
the multicentric PE cases can be recognized by at least one
method. Therefore, a combination of the predictive results
of these methods can achieve fascinating performance.

To date, no ML-based scoring system is available for
predicting the occurrence of AIIRD patients with acute
PE. ML is thought to be a potential tool of promoting
the efficiency. In addition to describing the contributions
of features to the outcomes, in the present study, we also
extracted significant clinical features from the original
clinical data and established many high-performance
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models and a simple and practical predictive model using
ML methods; this model not only indicated the develop-
ment orientation of accurate diagnosis but also provided
a convenient algorithm for clinical applications in current
settings. With these algorithms, clinicians can timely predict
and categorize these AIIRD patients at risk for PE without
the CTPA results, hopefully improving patients’ prognosis.
Furthermore, these algorithms provide an approach for
clinicians to promptly identify and stratify the risk of PE
in AIIRD patients, particularly critical patients.

The present study has some limitations: First, 180 AIIRD
non-PE cases were used in both training and validation
cohort. Choosing more new non-PE patients matched
with the 41 AIIRD PE patients from multiple centers for
validation will be better. Second, owing to the limitations
of a retrospective study, some missing values are inevi-
table. Therefore, prospective studies should be conducted
to acquire complete data. Third, although we trained
these models and validated their performance with mul-
ticentric data, our study is retrospective, and the number
of patients enrolled in remains limited. Therefore, the
performance of these models should be further validated
both retrospectively and prospectively using large-scale
multicentric cohorts.

In conclusion, in the present study, we revealed that
ML-based models can accurately predict the occurrence
of PE in AIIRD patients with clinical suspicion of PE. We
not only provided a convenient algorithm for current clin-
ical applications in PE prediction (in AIIRD patients) but
also highlighted the potential of ML methods in achieving
an accurate diagnosis.
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